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CONFIDENCE, ASSET RETURNS, AND MONETARY POLICY
GUIHAI ZHAO
Boston University, Graduate School of Arts and Sciences, 2016
Major Professor: Larry G. Epstein, Professor of Economics
ABSTRACT
This dissertation addresses several outstanding puzzles in stock and bond markets, and their con-
nections with monetary policy.
In the first chapter, we show that investor confidence (size of ambiguity) about future con-
sumption growth is driven by past consumption growth and inflation. The impact of inflation on
confidence has moved considerably over time and switched on average from negative to positive
in 1997. Motivated by this evidence, we develop and calibrate a model in which the confidence
process has discrete regime shifts, and find that the time-varying impacts of inflation on confidence
enables the model to match the bond risks over different subperiods. The model can also account
for stock and bond return predictability, correlation between price-dividend ratios and inflation,
and other moments.
For the second chapter, in an otherwise standard New Keynesian model, we assume that the
monetary authority has more information about TFP growth than the private sector. Consequently,
agents in the private sector cannot fully distinguish monetary shocks from changes in TFP growth
rates when the monetary authority sets interest rate according to a Taylor rule. In this environment,
agents update their beliefs using a Kalman Filter. Following an expansionary monetary policy
shock, agents expect a higher TFP growth today; this causes stock price, output, and labor to rise
simultaneously. Mean reverting TFP growth expectation implies lower future growth expectation,
which lower nominal and real bond yields and increase inflation. A calibrated version of the model
does well at matching the empirical reactions of stock and bond markets to monetary shocks.
Monetary shocks work like noise shocks and generate business cycle comovements among key
v
macro variables.
vi
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1Chapter 1
Confidence, Bond Risks, and Equity Returns
1.1 Introduction
“Uncertainty is worse than knowing the truth, no matter how bad” (The Magazine of Wall Street,
November 30, 1929, p. 177).
When making decisions, investors face both risk and ambiguity. Risk refers to the situation
where there is a probability measure to guide choice, while ambiguity refers to the situation where
the decision maker is uncertain about the data-generating process itself due to cognitive or infor-
mational constraints. In this paper, investor confidence, or the size of ambiguity, is represented by
a set of one-step-ahead measures regarding aggregate consumption growth. In equilibrium, an am-
biguity averse investor evaluates future prospects under the worst-case measure. Using forecasts
dispersion as a measure for confidence, we show that investor confidence is driven by past con-
sumption growth and inflation. While the effect of past consumption growth was always positive,
the impact of inflation has moved considerably over time and switched on average from negative to
positive in 1997. This paper argues that stock and Treasury bonds price, and their comovements are
driven by changes in investor confidence and its time-varying correlation with inflation. This spe-
cific feature of stochastic discount factor as a function of confidence allows a general equilibrium
model to capture a wide range of asset pricing phenomena.
For the past decade and particularly during the two recessions of the early and late 2000s, stock
prices plunged while Treasury bonds performed well. At the same time, inflation was low and fore-
casts dispersion was high. With the positive (negative) impact of inflation on confidence (forecasts
dispersion), Treasury bonds served to hedge risk of low consumption/output growth in investor’s
portfolios. The correlation between stocks and Treasury bonds returns was negative, the correla-
tion between price-dividend ratios and inflation was positive, and the correlation between forecasts
dispersion and inflation was negative. However, this behavior of stocks/bonds and its connection
2with investor confidence was very different during the 1970s and particularly the 1980s, when high
inflation made investors less confident (high dispersion) about future consumption growth, Trea-
suries became as risky assets as stocks. Treasury bond returns became positively correlated with
stock returns, price-dividend ratios were negatively correlated with inflation, and forecasts disper-
sion were positively correlated with inflation. The risk properties of Treasury bonds relative to
stocks have been documented and studied by recent papers including Baele, Bekaert, and Inghel-
brecht (2010), Campbell, Pflueger, and Viceira (CPV, 2014), Campbell, Sunderam, and Viceira
(2013), Christiansen and Ranaldo (2007), David and Veronesi (2013), Guidolin and Timmermann
(2006), and Viceira (2012). This paper provides another approach to understand bond risks through
investor confidence.
From the perspective of equilibrium asset-pricing models, another puzzling fact related to Trea-
sury bonds is the excess bond return predictability. Against the expectations hypothesis, Fama and
Bliss (1987), Campbell and Shiller (1991), Dai and Singleton (2002), and Cochrane and Piazzesi
(2005) provide evidence for bond return predictability using yield spreads and forward rates as
predictors. While it has been difficult to account for the bond return predictability,1 it is much
harder for an equilibrium model of bond pricing to capture also the comovements of stocks and
bonds. Moreover, the moments of stock return, risk free rate, and especially the behavior of the
price-dividend ratios in the data pose serious challenges to equilibrium models.
This paper develops a consumption-based asset pricing model that helps to explain the pre-
ceding features of stock/bond market data. There are two main ingredients in the model. First,
departing from the rational expectations hypothesis, the model assumes that all identical investors
are ambiguity averse and have the recursive multiple-priors preference axiomatized by Epstein and
Schneider (2003) and Hayashi (2005). This model of preference permits a three-way separation
of intertemporal elasticity of substitution (IES), risk aversion, and ambiguity aversion. Investors
in this economy have in mind a benchmark or reference measure of the economy’s dynamics that
represents the best estimate of the data-generating process. They are concerned that the reference
1Except the recent development by Bansal and Shaliastovich (2013), who showed that bond risk premia can be
predicted using uncertainty in inflation and consumption growth.
3measure is misspecified and that the true measure is actually in a set of alternative measures that
are statistically close to the reference measure. The level of confidence is represented by the size
of the set of alternative measures at a given time. Second, under the reference measure, consump-
tion and dividend growth are independently and identically distributed log normal processes, with
the same mean and standard deviation as in the data. The model can accommodate more complex
consumption processes, including processes with predictability, conditional heteroskedasticity, and
non-normality. However, those are not salient features of the consumption data. Most importantly,
I want to emphasize that even with the independent and identically distributed (i.i.d.) consumption
growth assumption the model generates interesting asset price behavior internally. Inflation follows
an first order autoregressive process (AR(1)) correlated with consumption growth as in the data.
The set of alternative measures is generated by a set of different mean consumption growth
around its reference mean value.2 Confidence changes correspond to changes in the size of this
set of different mean values. A bigger set implies that it is more difficult for investors to assign
probability measures for future consumption growth, and thus corresponds to a lower level of con-
fidence. Using dispersion in forecasts of future mean consumption growth from the Philadelphia
Fed’s Survey of Professional Forecasters (SPF) as a measure for ambiguity (confidence), we find
that fluctuations in confidence are driven by past consumption growth and inflation.3 While the
effect of past consumption growth has always been positive, the impact of inflation has moved con-
siderably over time. Specifically, over the whole sample period, low consumption growth in the
past make investors more concerned about model misspecification and less confident about future
consumption growth (bigger dispersion), and high consumption growth in the past made them more
confident (smaller dispersion). The average effects of inflation on confidence were negative over
the whole sample, however, it was moderately negative during the 1970s, strong negative during
the 1980s, and became positive during the past decade. These three subperiods correspond to three
different monetary policy and inflation regimes: the pre-Volcker period, the inflation fighting pe-
2For simplicity, this paper considers only ambiguity about consumption growth. More generally, it could also be
interesting to allow for ambiguity about unleveraged dividend and inflation.
3There are other measures of ambiguity and forecasts dispersions available, but the timing of SPF is geared to the
release of the Bureau of Economic Analysis’ advance report of the national income and product accounts, which makes
it a perfect measure to analyze the impacts of past aggregate macro variables on dispersion.
4riod of Volcker and Greenspan, and the recent period of low inflation and increased central bank
transparency. One possible interpretation is that investor confidence relied on the central bank’s
(CB) performance: poor performance (low consumption growth, or high/low inflation during the
first two subperiods/third subperiod) makes it more difficult for investors to understand the eco-
nomic environment and thus to be less confident about future growth, and good performance (high
consumption growth, or low/high inflation during the first two subperiods/third subperiod) makes
them more confident. Thus, following this pattern in the data, we allow the confidence and infla-
tion processes to have two discrete regime shifts in 1979 and 1997 to capture different impacts of
inflation.
In this paper, stock and bond price variations are driven by the joint dynamics of confidence
and inflation. During the 1970s and particularly the 1980s, one of the most important tasks for
the Fed was to fight high inflation. High inflation realizations, due to Fed’s failure in this task, or
due to some new factors that were not well understood, made it harder for investors to understand
the economic environment and thus to become less confident about future consumption growth.
Then investors would not buy stocks and stock prices would drop, and at the same time, long-
term yields increase and bond prices decrease because of high inflation. The prices of stocks
and Treasuries moved in the same direction, and price-dividend ratios were negatively correlated
with inflation in the first two subperiods because of this negative effect of inflation on confidence.
However, in the past decade the opposite happened. Instead of fighting high inflation, the Fed faced
deflationary pressures. In this case, high inflation realizations made investors feel that the economic
environment was well understood and felt more confident about future consumption growth. Stock
prices rose, Treasury yields increased, and bond prices decreased as the result of high inflation.
Stock and bond prices moved in opposite directions and Treasuries served as a hedge in this period.
While inflation had different impacts on confidence in different subperiods, the effect of past
consumption growth was always positive. The interpretation is similar to inflation except that main-
taining an efficient level of consumption/output growth is always one task of CB. Low aggregate
consumption realizations make investors less confident about future consumption growth, which in
turn lowers the price-dividend ratio (pro-cyclical variation of price-dividend ratios) and increases
5expected returns (counter-cyclical variation of expected returns). Although variations in the price-
dividend ratios reflect changes in ambiguity about future expected growth, the reference mean
growth rate is constant. Thus, the model will not incorrectly imply that dividend yields predict
consumption and dividend growth. At the same time, log price-dividend ratio, as a linear function
of confidence, is mean reverting and, thus, dividend yields predict excess returns as in the data.
Using simulation data, the model also generates similar estimation coefficients of the expectations
hypothesis test and match well the bond return predictability.
Related Literature
This paper is related to a number of papers that have studied the implications of ambiguity and ro-
bustness for finance and macroeconomics.4 This paper contributes to the literature by first showing
the connection between ambiguity (confidence) and past inflation and consumption growth, and
using the recursive multiple-priors preference to capture the stocks/bonds comovements, stock and
bond return predictability, correlation between price-dividend ratios and inflation, and many other
asset-pricing puzzles.
Several studies on ambiguity are closely related to this paper. Under the recursive multiple-
priors framework of Epstein and Schneider (2003), Epstein and Schneider (2007) modeled learn-
ing under ambiguity using a set of priors and a set of likelihoods. The set of priors is updated by
a generalized Bayes rule. Epstein and Schneider (2008) analyzed asset pricing implications using
this learning framework. Ju and Miao (2012) proposed a smooth ambiguity model with learn-
ing and studied the asset return implications. Those models generate dynamics in ambiguity size,
or confidence, by Bayesian learning. Ilut and Schneider (2014) showed how time-varying confi-
dence about productivity generates business cycle fluctuations and confidence follows an exoge-
nous AR(1) process in their model. Drechsler (2013) built a model with exogenous time-varying
4Papers study the multiple-priors preference and its application include Cao, Wang, and Zhang (2005), Chen and
Epstein (2002), Epstein and Miao (2003), Epstein and Wang (1994), Garlappi, Uppal, and Wang (2007), Ilut (2012),
Leippold, Trojani, and Vanini (2008), and Routledge and Zin (2009). Epstein and Ji (2013, 2014) propose a new
continuous time framework that captures ambiguity about both volatility and drift. Papers of robustness applications
include Anderson, Hansen, and Sargent (2003), Cagetti, Hansen, Sargent, and Williams (2002), Hansen (2007), Hansen
and Sargent (2001, 2010). For a survey on robustness, see Backus, Routledge, and Zin (2004) and Hansen and Sargent
(2008).
6Knightian uncertainty to explain the volatile variance premium. There are two significant differ-
ences between those models and this paper: (1) this is the first paper to show that confidence
about future consumption growth is affected by past inflation and consumption growth and (2)
the connection between confidence and inflation allows the model to study both stock and bond
markets: stocks/bonds comovements, stock/bond return predictability, and the correlation between
price-dividend ratios and inflation. The models mentioned above focus only on the real side of the
economy.
The current paper is related to recent developments in bond risks, bond return predictability,
and term structure. Campbell, Sunderam, and Viceira (2013) documented changes in magnitude
and switches in sign of the covariation between bonds and stocks, and specified a multifactor term
structure model to explain explain this feature. CPV related changes in bond risks to periodic
regime changes in the CB’s monetary policy rule and the volatilities of macroeconomic shocks.
David and Veronesi (2013) proposed a model of regime-switching and learning and studied the
joint behavior of stocks and bonds. The current paper provides another approach to understand
bond risks through investor confidence. Piazzesi and Schneider (2006) showed that inflation as
bad news for future consumption growth help to generate upward sloping nominal yield curve.
Bansal and Shaliastovich (2013) showed that a long-run risks model with time varying volatilities
of expected consumption growth and inflation can account for bond return predictability. In the
model this paper presents, inflation has time varying effects on confidence, and stock/bond price
variations are driven by the joint dynamics of confidence and inflation, the model also matches well
bond return predictability and upward sloping nominal yield curve.
This paper is also related to the distorted belief literature. In Cecchetti, Lam, and Mark (2000),
the consumption growth follows a two-state Markov process and the representative agent has dis-
torted beliefs about persistence of the state-transition probabilities. They studied the asset pricing
implications under a specific belief distortion. Recently, under the long-run risk framework, Bansal
and Shaliastovich (2010) presented a model of distorted belief about expected consumption growth.
The distortion comes from recency-biased learning using signals with time-varying volatility. They
found that the disconnect of significant moves in asset prices and the real economy and the pre-
7dictability of excess returns can be explained by this distorted belief model. Adam, Marcet, and
Nicolini (2012) examined the asset pricing implications when the agent has distorted beliefs about
price in a standard consumption-based asset pricing model, and the beliefs about price change by
learning from past price observations. This paper differs from distorted belief models in that I start
with ambiguity-averse investors who are concerned about model misspecification. There is a set of
alternative measures that are hard to distinguish from each other and investors are not sure which
are the true measures. They pick the worst-case measure in equilibrium, but adapting this measure,
induced by changes in confidence, as a unique prior would seem contrived. Moreover, this paper
studies both stock and bond markets, and the above distorted belief papers focus only on the stock
market.
The paper continues as follows. Section 2 outlines the model and solves it analytically. Section
3 discusses the results of the empirical analysis. Section 4 provides concluding comments.
1.2 The Model
In a pure exchange economy, identical ambiguity-averse investors maximize their utility over con-
sumption processes. Individual consumption in period t is denoted by Ct, and Cat is the average
consumption by all individuals in the economy. In equilibrium, identical individuals choose the
same level of consumption, so Ct = Cat . In section 2.3, I will specify how each individual’s confi-
dence level responds to the history of aggregate consumption growth.5 Therefore, except in section
2.3, I drop the superscripts in what follows where they are not essential for clarity. Consump-
tion/dividend growth and inflation are given exogenously. Equilibrium prices adjust such that the
agent is happy to consume the endowment.
5Investor’s confidence level depends on aggregate consumption growth rather than on an individual’s own past con-
sumption growth. This specification, which is similar to Campbell and Cochrane’s (1999) external habit formation,
simplifies the analysis. It eliminates terms in marginal utility by which extra consumption today raises confidence
tomorrow.
81.2.1 Economy Dynamics
Under reference measure P, consumption/dividend growth and inflation have the joint dynamics
described below:
∆ct+1 = µc + σcεc,t+1
∆dt+1 = ζd∆ct+1 + µd + σdεd,t+1
pˆit+1 = ρpipˆit + ζpiεc,t+1 + σpiεpi,t+1 (1.1)
where ct = LogCt, dt = LogDt, ∆ct+1 and ∆dt+1 are the growth rate of consumption and
dividends respectively. pˆit = pit − pi is the demeaned inflation. I assume that all shocks are i.i.d
normal and orthogonal to each other. Consumption and dividend growth are i.i.d. log normal with
conditional expectation µc and ζdµc + µd, respectively. The demeaned inflation follows an AR(1)
process, where ρpi is the persistence parameter and ζpi captures the correlation between consumption
growth and inflation.
The literature reports several ways to model dividends and consumption separately,6 and we
follow Ju and Miao (2012) in this paper. The parameter ζd > 0 can be interpreted as the leverage
ratio on expected consumption growth, as in Abel (1999); together with the parameter σd, this
allows one to calibrate the correlation of dividend growth with consumption growth. The parameter
µd helps match the expected growth rate of dividends.
The literature offers different inflation models; a common feature of those models is an unob-
served random walk componen, for example, Stock and Watson (2007) and Piazzesi and Schneider
(2006). However, our main purpose is to understand the sign changes of stocks and the nominal
bond return covariance, which is not driven by inflation persistence, so we use the AR(1) model
for simplicity.7
6See Campbell (1999), Cecchetti, Lam, and Mark (1993), BY (2004), and BKY (2007).
7As Piazzesi and Schneider (2006) mention, the AR(1) model for inflation tends to understate higher order autocor-
relation and, thus, affects the nominal yields. The state space inflation model as in their paper will increase the model’s
fit to nominal yields and change the magnitude of bond risks.
9The reference measure P represents investor’s best estimate from data. However, investors are
concerned that this reference measure is misspecified and that the true measure is actually in a set
of alternative measures that are statistically ’close’ to the reference measure. The ambiguity-averse
agent acts pessimistically and evaluates future prospects under the worst-case measure.
1.2.2 Ambiguity about Expected Consumption Growth
One requirement for the alternative measures is that they must be equivalent to the reference mea-
sure P (i.e., they put positive probabilities on the same events as P). The set of alternative measures
is generated by a set of different mean consumption growth rates around the reference mean value
µc. For simplicity, this paper considers only ambiguity about consumption growth. More gener-
ally, it could also be interesting to allow for ambiguity about unleveraged dividend and inflation.
Specifically, under alternative measure pµ˜, consumption growth follows:
∆ct+1 = µc + µ˜t + σcεc,t+1
where µ˜t ∈ At = [−at, at] with at > 0. Each trajectory of µ˜t will yield an alternative measure
pµ˜ for the consumption growth process. The set of measures generated by At is a compact set, and
this set of beliefs represents the agent’s confidence regarding expected consumption growth. The
at represents investor’s confidence about future consumption growth. A larger at implies that the
agent is more ambiguity averse, or less confident; likewise, a smaller at means the agent is more
confident about the consumption process, or less ambiguity averse. In the following section, we
specify how at changes over time.
1.2.3 Changes in Confidence
Forecasts dispersion has been used as a measure of ambiguity in the literature. We follow Ander-
son, Ghysels, and Juergens (2007), Ilut and Schneider (2014), and Drechsler (2013) and measure
the size of ambiguity using the dispersion in forecasts of future consumption growth from the
Philadelphia Federal Reserve’s (Fed’s) SPF. We find that fluctuations in confidence are driven by
10
past consumption growth and inflation. Motivated by this evidence, confidence is specified in the
following way,
at+1 − a = ρa(at − a) + κcεc,t+1 + κpipˆit+1 + σaεa,t+1 (1.2)
where the persistence of the shocks is captured by ρa and parameter a is the long-run mean
confidence level. κc captures how confidence is affected by consumption growth, and κpi captures
how confidence is affected by demeaned inflation. εa,t+1 is the confidence specific shock that
captures factors other than consumption and inflation,8 for example major economic and political
shocks like the Cuban missile crisis, the assassination of JFK, and the 9/11 terrorist attacks. It
could also be shocks from daily economic news.
As argued in Ilut and Schneider (2014), the reason that forecasts dispersion can be used as a
measure of ambiguity is that investors sample experts’ opinions and aggregate them when making
decisions. Since they are ambiguity averse, stronger disagreement among experts generates lower
confidence in probability assessments of the future. The dispersion is calculated as the difference
between the 95th percentile and the 5th percentile of the individual forecasts in levels.9 First, to
show the overall effects of consumption growth and inflation on dispersion in the whole sample, we
use the longest possible data set for forecasts dispersion, from 1968 Q4 to 2012 Q1. Since forecasts
dispersion of consumption growth is only available after 1981 Q3, we use forecasts dispersion of
GDP growth as its approximation before 1981 Q3.10 Table 1 provides the OLS regression results
of forecasts dispersion of different horizons on lagged dispersion, lagged demeaned consumption
8εa,t+1 is i.i.d normal and orthogonal to other shocks.
9As a measure for ambiguity, forecast dispersion can be calculated differently, for example, interquartile range of
individual forecasts, difference between top 10 mean forecasts and bottom 10 mean forecasts, and other quartile differ-
ences. Different calculations will generate different means and volatilities, while the autocorrelation and correlations
between confidence and other variables will stay the same if these different calculations just provide different scaling
factors. The changes in bond risks are mainly drived by correlation between dispersion and inflation, which are likely
to be same for different measures. Actually, an earlier version of this paper shows similar results for bond risks using
interquartile range of individual forecasts.
10For forecasts dispersion of GDP and consumption growth after 1981 Q3, the mean and standard deviation of them
are very close and the correlation is 81%. This make the GDP growth forecasts dispersion a good approximation for
consumption growth forecasts dispersion before 1981 Q3.
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Table 1.1: Predictability of confidence
Constant Lag Dispersion Lag Consumption growth Lag Inflation R2
DispT1 0.97* 0.38* -31 192* 0.58
(0.27) (0.10) (34) (49)
DispT 0.90* 0.54* -29 140* 0.65
(0.27) (0.07) (25) (26)
DispT2 0.71* 0.43* 6.59 170* 0.65
(0.24) (0.08) (22) (31)
DispT3 0.70* 0.35* 7.65 215* 0.67
(0.24) (0.09) (26) (33)
DispT1, DispT, DispT2, and DispT3 stand for one quarter ahead, current quarter, two quarters ahead and three quarters ahead forecast
dispersion from Philadelphia Fed’s Survey of Professional Forecasters. The whole sample is from 1968Q4 to 2012Q1. Before 1981Q3,
confidence is measured by forecast dispersion of GDP growth, and it is measured by forecast dispersion of consumption growth after
1981Q3. Quarterly U.S. real nondurable goods and services growth is from 1968Q3 to 2011Q4 from the Bureau of Economic Analysis.
Quarterly U.S. inflation is calculated by GDP price deflator from 1968Q3 to 2011Q4 from the Bureau of Economic Analysis. All
standard errors are heteroskedasticity-robust.
growth, and lagged demeaned inflation. DispT1, DispT, DispT2, and DispT3 stand for one quarter
ahead, current quarter, two quarters ahead and three quarters ahead forecasts dispersion. All the
results show that, within the whole sample period, past inflation has a positive (negative) effect
on dispersion (confidence) and all the coefficients of inflation are significant.11 The coefficients
of consumption are positive for DispT1 and DispT, which are the most reasonable measure for
confidence in our model, and the R squares are very high. Note that there are other measures of
ambiguity and forecasts dispersions available, but the timing of SPF is geared to the release of the
Bureau of Economic Analysis’ advance report of the national income and product accounts, which
makes it a perfect measure to analyze the impacts of past aggregate macro variables on dispersion.
While the overall effect of inflation on dispersion (confidence) in the whole sample was positive
(negative), its magnitude has moved considerably over time and sign switched in the past decade.
To provide a more intuitive understanding, we plot the average dispersion against lagged inflation
in Figure 1. The figure shows that there is a clear positive association between dispersion and
lagged inflation during high inflation periods, especially for 1980s and late 1970s. Beginning in
11According to the model’s timing, the most reasonable measures are the current quarter and one quarter ahead
forecasts dispersion, but to avoid the potential risk that it is not a perfect measure for ambiguity, the results are shown to
be similar by using other measures.The model is calibrated using statistics of the average measure.
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Figure 1.1: Time varying effect of inflation on dispersion
The dispersion is the average of current quarter, one quarter ahead, two quarters ahead and three quarters ahead forecast dispersion from
Philadelphia Fed’s SPF, from 1968Q4 to 2012Q1. Lagged quarterly U.S. inflation is calculated by GDP price deflator from 1968Q3 to
2011Q4 from the Bureau of Economic Analysis.
the late 1990s, dispersion and lagged inflation started to move in opposite directions. Similarly,
results can be seen in a plot of the average dispersion against lagged consumption growth in Figure
2. Different from inflation, lagged consumption growth and dispersion move in opposite directions
within the whole sample period.
The interpretation of Figure 1 and 2 is that investor confidence depends on the CB’s perfor-
mance. Poor performance makes it more difficult for investors to understand the economic envi-
ronment and thus they become less confident in probability assessments of the future. Conversely,
good performance makes them more confident. Since maintaining an efficient level of consump-
tion/output growth is always one task of the CB, this means that low consumption growth realiza-
tions should always make investors less confident about future consumption growth. It is different
for inflation in that during the 1970s and particularly 1980s, one of the most important tasks for the
Fed was to fight high inflation. High inflation realizations, due to the Fed’s failure in this task, or
13
Figure 1.2: Effect of consumption growth on dispersion
The dispersion is the average of current quarter, one quarter ahead, two quarters ahead and three quarters ahead forecast dispersion from
Philadelphia Fed’s SPF, from 1968Q4 to 2012Q1. Lagged quarterly U.S. real nondurable goods and services growth is from 1968Q3
to 2011Q4 from the Bureau of Economic Analysis.
due to some new factors that were not well understood, made it harder for investors to understand
the economic environment and thus they became less confident about future consumption growth.
However, during the past decade, instead of fighting high inflation, the Fed faced deflationary pres-
sures, and high inflation realizations has made investors feel that the economic environment is well
understood and become more confident about future consumption growth. The three subperiods in
which inflation had different effects on confidence roughly correspond to three different inflation
and monetary policy regimes noted earlier: the pre-Volcker period, the inflation fighting period of
Volcker and Greenspan, and the recent period of low inflation and increased central bank trans-
parency.12 And at the same time, CPV found that bond risks are significantly different for the three
periods. To capture the time varying bond risks, which is also consistent with the confidence in-
flation correlation pattern in the data, we allow the confidence and inflation processes to have two
discrete regime shifts in the monetary policy break dates, 1979Q2 and 1997Q1.
Table 2 shows quantitatively that the correlation between average dispersion and lagged in-
12CPV found that monetary policy regime changes of the same three subperiods are closely linked to the changes in
bond risks. While the first two subperiods are standard monetary policy regimes in the literature, they argue that the third
subperiod was a period of very significant monetary policy shifts towards transparency and gradualism. In our setting,
this is a period when the Fed faces deflationary pressures.
14
Table 1.2: Confidence Inflation/Consumption growth Correlation
68.Q3-79.Q2 79.Q3-96.Q4 97.Q1-11.Q4
Corr(DispT, pˆi−1) 0.45 0.64 -0.21
Corr(DispT1, pˆi−1) 0.45 0.64 -0.20
Corr(DispT2, pˆi−1) 0.55 0.64 -0.18
Corr(DispT3, pˆi−1) 0.43 0.57 -0.12
Corr(Disp, pˆi−1) 0.57 0.70 -0.22
Corr(DispT, 4c−1) -0.19 -0.29 -0.34
Corr(DispT1,4c−1) -0.22 -0.32 -0.46
Corr(DispT2,4c−1) -0.32 -0.16 -0.30
Corr(DispT3,4c−1) -0.30 -0.15 -0.38
Corr(Disp,4c−1) -0.31 -0.26 -0.44
DispT, DispT1, DispT2 and DispT3 stand for one quarter ahead, current quarter, two quarters ahead and three quarters ahead forecast
dispersion from Philadelphia Fed’s SPF. Disp is the average of DispT, DispT1, DispT2 and DispT3. Lagged quarterly lagged U.S. real
nondurable goods and services growth is from the Bureau of Economic Analysis. Lagged quarterly lagged U.S. inflation is calculated
by GDP price deflator from the Bureau of Economic Analysis.
flation was moderately positive during the the first subperiod, strongly positive during the second
subperiod, and became negative during the third subperiod. The bottom panel of Table 2 shows
that the correlation between average dispersion and lagged consumption growth was always neg-
ative and stable. We will calibrate a different set of parameters for every subperiod to match the
correlations between the average dispersion and consumption/inflation.
From psychological point of view, Bracha and Weber (2012) argued that, in models of risk and
uncertainty, confidence results when investors believe they understand how things work. However,
in unfavorable environments, the sense of predictability and perceived control is destroyed and pan-
ics are triggered. Our specification of confidence is consistent with Bracha and Weber (2012) in
that when poor CB performance creates unfavorable environments, investor’s sense of predictabil-
ity and perceived control on consumption growth is destroyed, and, as a result, they become less
confident. Likewise, good performance of the CB has positive effects on investor’s sense of pre-
dictability and perceived control, rendering them less concerned about model misspecification, and,
as a result, more confident.
Table 1 and 2 and Figure 1 and 2 provide robust supporting evidence of the confidence process
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in equation (2). Since the time varying effect of inflation on confidence plays the most important
role in bond risks and stock/bond pricing, we use table 2 to calibrate parameters κc and κpi. To
avoid the potential risk that dispersion one quarter ahead is not a perfect measure for ambiguity,
correlations of the average dispersion are used for calibration. All parameters in the confidence
process are directly estimated from average forecasts dispersion data.
Consumption growth/inflation/confidence process fitness
As described in sections 2.1 through 2.3, the forcing process in the model contains three variables:
consumption growth, inflation, and confidence. This section describes some empirical support for
our specification of the forcing process.13
We show in section 2.3 that investor confidence about future consumption growth is driven by
past consumption growth and inflation, although consumption growth and inflation are not driven
by past confidence in our specification. To verify that this is a reasonable restriction, we estimate
a first-order vector autoregression (VAR) model including these three variables and check the co-
efficients of past confidence on inflation and consumption growth. Table 3 provides the estimation
results. As expected, lagged inflation and consumption growth play significant roles in forecast-
ing dispersion; however, for both inflation and consumption growth predictions, the coefficients on
lagged dispersion are insignificant. Furthermore, we perform a likelihood ratio test that restricts
the coefficients of lagged dispersion in both the inflation and consumption growth equations to be
zero simultaneously and find the p value to be 5%. We run a similar test using one-quarter-ahead
dispersion calculated from the interquartile range of individual forecasts and find similar results,
where the joint zero restriction hypothesis cannot be rejected at the 5% level.
1.2.4 Preference: Epstein-Zin Preference with Ambiguity Aversion
Epstein-Schneider (2003) axiomatized an intertemporal model of multiple-priors utility, and Hayashi
(2005) extended that model to allow for the recursive preference of Kreps and Porteus (1978) and
13The size of ambiguity/confidence is measured by one-quarter-ahead forecast dispersion as in 2.3, and consumption
growth and inflation are both from the Bureau of Economic Analysis. The detailed information of the data set will be
discussed in section 3.1.
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Table 1.3: VAR(1) Estimation
Constant Lag Dispersion Lag Consumption growth Lag Inflation
Dispersion 1.1650* 0.3659* -40.95 187.84*
(0.3145) (0.0706) (31.12) (30.91)
Consumption growth 0.0019* 0.0003 0.5235* -0.1084
(0.0007) (0.00015) (0.0643) (0.0639)
Inflation 0.0008 0.0001 0.0560 0.8213*
(0.0005) (0.0001) (0.0535) (0.053)
The dispersion is one quarter ahead forecast dispersion from Philadelphia Fed’s SPF, from 1968Q4 to 2011Q4. Same periods quarterly
consumption growth and inflation are from the Bureau of Economic Analysis. The coefficients with star are significant.
Epstein and Zin (1989). This model of preference permits a three-way separation of intertemporal
substitution, risk aversion, and ambiguity aversion. Investors’ utility over consumption is repre-
sented by the following model,
Vt(Ct) = [(1 − β)C
1−γ
θ
t + β{Rt(Vt+1(Ct+1))}
1−γ
θ ]
θ
1−γ
Rt(Vt+1(Ct+1)) = {minpt∈Pt Ept (V1−γt+1 (Ct+1))}
1
1−γ
This is a standard Epstein-Zin preference, except that we have a “min” operator within the
aggregator. 0 < β < 1 reflects the agent’s time preference, γ is the coefficient of risk aversion,
θ =
1−γ
1- 1ψ
, and ψ is the IES. Utility maximization is subject to the budget constraint,
Wt+1 = (Wt −Ct)Rc,t+1
where Wt is the wealth of the agent, and Rc,t is the unobservable return on all invested wealth,
or the consumption claim.
The set of one-step-ahead beliefs Pt consists of the measures pµ˜t generated in section 2.2. We
show in the appendix that the worst-case measure pot that gives the minimum continuation value
is p−att , which is generated by likelihood with the worst mean −at each period.14 Thus, the “min”
operator in the preference can be replaced by pot = p
−at
t , which is generated by the worst mean.
14See also Epstein and Wang (1994) for a proof.
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1.2.5 Asset Markets
1.2.5.1 Pricing Kernel and Stock Price
Since the representative agent evaluates expectations under the worst-case measure when making
portfolio choices, the Euler equation holds under the worst-case measure. Therefore, assets can be
priced using the Euler equation under the worst-case measure. Given the worst-case measure, as in
Epstein and Zin (1989), the real pricing kernel or the real stochastic discount factor can be written
as,
Mt,t+1 = βθ(
Ct+1
Ct
)−
θ
ψ Rθ−1c,t+1,
or
mt,t+1 = θlogβ − θ
ψ
∆ct+1 + (θ − 1)rc,t+1, (1.3)
where mt,t+1 = log(Mt,t+1), rc,t+1 = log(Rc,t+1) . For any asset j with real payoff, the first-order
condition yields the following asset pricing Euler condition,
Epot [exp(mt,t+1 + r j,t+1)] = 1, (1.4)
where Epot is the expectation operator for the worst-case measure, and r j,t+1 is the log of the
gross return on asset j.
To solve the model, It is assumed that the log price-consumption ratio for a consumption claim,
zt, is linear in the confidence level at and the demeaned inflation pˆit:
zt = A0 + A1at + A2pˆit, (1.5)
and that the log price-dividend ratio for a dividend claim, zt,m, is similarly linear:
zt,m = A0,m + A1,mat + A2,mpˆit, (1.6)
The log return on consumption claim is given by the Campbell and Shiller (1988b) approxima-
18
tion,
rc,t+1 = k0 + k1zt+1 + ∆ct+1 − zt, (1.7)
where k′s are log linearization constants, which are discussed in more detail below. In order
to solve A0, A1, and A2, one need to substitute (7), (5), and (3) into the Euler equation (4). By
approximating log market return in a similar way,15 A0,m, A1,m, A2,m can be found. Details of both
derivations are provided in the Appendix. As noticed by previous studies,16 the parameters A0 and
A1 determine the mean of the price-consumption ratio, z¯, and the parameters k0 and k1 are nonlinear
functions of z¯,
z¯ = A0(z¯) + A1(z¯)a
and
k0 = log(1 + exp(z¯)) − z¯k1, k1 = exp(z¯)1+exp(z¯) .
To get a highly accurate approximation, one needs to iterate numerically until a fixed point for
z¯ is found.
The solution coefficients for the effect of confidence at on the price-consumption ratio, A1, and
on the price-dividend ratio, A1,m, respectively, are
A1 =
1− 1ψ
k1ρa−1 , A1,m =
ζd− 1ψ
k1,mρa−1 .
Since both k1and k1,m are smaller than 1 under the fixed point value of z¯, A1 is negative if the
IES , ψ, is greater than 1; and A1,mis negative if ζ > 1ψ . In this case, the intertemporal substitution
effect dominates the wealth effect. In response to the high confidence level, or low at , investors
buy more assets and prices increase. In addition, |A1,m| > |A1| when ζ > 1, which means that a
confidence shock leads to a stronger reaction in the price of the dividend claim than in the price of
the consumption claim. This is due to the fact that dividend ratio growth is a leveraged consumption
15rm,t+1 = k0,m + k1,mzt+1,m + ∆dt+1 − zt,m.
16Campbell (1993), Campbell and Koo (1997), BKY (2007), and Beeler and Campbell (2012)
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growth with ζ as the leverage ratio. Note that an increase in persistence of confidence shocks, ρa,
will increase the magnitude of the response of both valuation ratios to confidence fluctuations.
The solution the effect of demeaned inflation pˆit on the price-consumption ratio, A2, and on the
price-dividend ratio, A2,m, respectively, are
A2 =
k1ρpi
1−k1ρpi κpiA1, A2,m =
k1,mρpi
1−k1,mρpi κpiA1,m,
and because both k1ρpi1−k1ρpi and
k1,mρpi
1−k1,mρpi are positive and smaller than one, the sign and magnitude
of A2 and A2,m depend on κpi. If κpi > 0, A2 and A2,m will have the same signs as A1 and A1,m, and
if κpi < 0, A2 and A2,m will have different signs than A1 and A1,m.
Given the solution for the return on consumption claim, rc,t+1, the innovation to the pricing
kernel can be written as (also shown in the appendix),
mt,t+1 − Epot (mt,t+1) = vmcεc,t+1 + vmpiεpi,t+1 + vmaεa,t+1,
with vmc = (θ−1)k1A1(κc +κpiζpi)−γσc + (θ−1)k1A2ζpi, vmpi = (θ−1)k1A1κpiσpi+ (θ−1)k1A2σpi,
and vma = (θ − 1)k1A1σa capturing the pricing kernel’s exposure to consumption shocks, inflation
shocks, and exogenous confidence shocks respectively.
Although the ambiguity-averse agent acts pessimistically and prices assets under the worst-
case measure, we are interested in expected returns under the reference model because it is sup-
posed to be the best estimate of the data generating process based on historical data. Given
A0,m, A1,m, k0,m, k1,m, the solution coefficients of expected market return on confidence and de-
meaned inflation are,
A1,E = A1,m(k1,mρa − 1), A2,E = 0,
and if A1,m < 0, we will have A1,E > 0. Thus, ambiguity increases expected market return. The
expected return is time-varying because at is time-varying.
The risk-free rate can be derived by substituting rc,t+1 into the Euler equation (4). As in the
appendix, the coefficient on confidence at is negative, implying that a low confidence level (high
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at) corresponds to a low interest rate. Finally , the log nominal pricing kernel that we use to value
assets with nominal payoffs is defined as,
m$t,t+1 = mt,t+1 − pit+1. (1.8)
1.2.5.2 Bond Prices
The time-t price of a zero-coupon bond that pays one unit of consumption n periods later is denoted
P(n)t , and it satisfies the recursion:
P(n)t = Epot [Mt,t+1P
(n−1)
t+1 ], (1.9)
with the initial condition that P(0)t = 1. Given the linear Gaussian framework, we assume that
p(n−1)t+1 = log(P
(n−1)
t+1 ) is a linear function of confidence and demeaned inflation,
p(n−1)t+1 = A
n−1
0 + A
n−1
1 at+1 + A
n−1
2 pˆit+1. (1.10)
Then we substitute (10) in the the Euler equation (9), and p(n)t = log(P
(n)
t ) can be solved as a linear
function of time-t confidence and demeaned inflation,
p(n)t = A
n
0 + A
n
1at + A
n
2pˆit,
with An1 = A
1
1 + A
n−1
1 ρa, A
n
2 = A
1
2 + A
n−1
2 ρpi + A
n−1
1 κpiρpi, and A
n
0 given in the appendix. Since the
initial values of A10 , A
1
1, and A
1
2 can be calculated from P
(1)
t = Epot [Mt,t+1], all the parameter values
of longer periods can be calculated recursively.
Similarly, we can get the parameter values of nominal bond price P(n,$)t using nominal pricing
kernel. As shown in the appendix, the parameters for confidence and demeaned inflation satisfy
the recursions An,$1 = A
1,$
1 + A
n−1,$
1 ρa and A
n,$
2 = A
1,$
2 + A
n−1,$
2 ρpi + A
n−1,$
1 κpiρpi.
The log holding period return from buying an n periods real bond at time t and selling it as an
n − 1 periods real bond at time t − 1 is defined as rn,t+1 = p(n−1)t+1 − p(n)t , and the holding period
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return for n periods nominal bond is defined similarly as r$n,t+1 = p
(n−1,$)
t+1 − p(n,$)t . Given the real
and nominal bond prices, we can find the shocks to real and nominal bond returns, then calculate
the covariance between stock and bond returns as shown in the appendix.
1.3 Empirical Findings
Given the analytical solutions, in this section, we simulate data by drawing shocks randomly, and
show how the simulated data replicate many interesting behaviors and statistics in the data.
To match our empirical finding that inflation has time varying effect on confidence, the whole
sample, 1968.Q3 to 2011.Q4, is broken into three subperiods corresponding to major shifts in mon-
etary policy. Because the earliest available data for forecasts dispersion is 1968.Q3, our sample is
not able to cover the first monetary regime of Clarida, Gali, and Gertler (CGG, 1999) completely.17
Thus our first subperiod, 1968.Q3 to 1979.Q2, covers part of the pre-Volcker period. The second
subperiod, 1979.Q3 to 1996.Q4, same as in CGG, covers the Fed chairmanships of Paul Volcker
and Alan Greenspan. The third subperiod, 1997.Q1 to 2011.Q4, as argued in CPV, covers the later
part of Greenspan’s chairmanship and the earlier part of Ben Bernanke’s chairmanship. Follow-
ing CGG and CPV, we assume that transitions from one regime to another are structural breaks,
completely unanticipated by investors.
1.3.1 Data
We use quarterly US data on consumption, inflation, interest rates, forecasts dispersion, and aggre-
gate stock returns from 1968.Q3 to 2011.Q4. Consumption data are based on U.S. real nondurables
and services consumption per capita from the Bureau of Economic Analysis. Inflation data are cal-
culated from GDP deflator from the Bureau of Economic Analysis via the Fed database at the St.
Louis Federal Reserve.18 The forecasts dispersion of future consumption/output growth are from
17Clarida, Gali, and Gertler (1999) considered 1960.Q1 to 1979.Q2 as the first subperiod, which covers the Fed
chairmanships of William M. Martin, Arthur Burns, and G. William Miller.
18The reason that we use GDP deflator instead of CPI to calculate inflation is that the timing of SPF is geared to
the release of the Bureau of Economic Analysis’ advance report of the national income and product accounts, and it is
natural to use the former to analyze its effect on dispersion.
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the Philadelphia Fed’s SPF. We use the end-of-quarter three-month T-bill from the CRSP monthly
Treasury Fama risk free rates. The end-of-quarter one to five year bond yields are from the CRSP
monthly Treasury Fama-Bliss discount bond yields. The daily yields for three month and one to five
year bonds are from the daily dataset constructed by Guerkaynak, Sack, and Wright (GSW 2007).
Stock returns are the value-weighted combined NYSE/AMEX/Nasdaq returns including dividends
from CRSP, and the price-dividend ratios are measured using data for real dividends and the S&P
500 real price. All yields are continuously compounded. For the real risk-free rate, Beeler and
Campbell (2012) created a proxy for the ex-ante risk-free rate by forecasting the ex-post quarterly
real return on three-month Treasury bills with past one-year inflation and the most recent available
three-month nominal bill yield. We estimate and use the same ex-ante risk-free rate.
1.3.2 Simulation and Calibration
In calibration and simulations, we assume a quarterly decision interval and then generate four sets
of i.i.d. standard normal random variables for each subperiod; We then use these to construct the
quarterly series for consumption, dividends, inflation, and confidence. It is important to note that
consumption and dividends growth is constructed under the reference measure, which offers the
right dynamics to use for reporting simulation moments in that it is the one used by econometrician
and provides a good fit to the historical data. Negative realizations of ambiguity size, at, will be
replaced with zero, in which case investors fully trust the reference model. For each subperiod, we
set size of ambiguity and inflation to their long-run mean values to initialize each simulation and
discard the first 20 quarters before using the outputs.
For statistical inference, we report the median moments from 10,000 simulations run over the
sample with numbers of observations matching the length of the actual data in each sub period. I
also report the tail percentiles of the Monte-Carlo distributions (5% and 95%).
Table 4 reports the calibrated parameter values for consumption and dividend growth, infla-
tion, and confidence processes. First, the moments of consumption and dividend growth are not
significantly different for different regimes, and most importantly, they don’t play important roles
for the stock/bond comovements, thus we assume the parameters in the consumption and dividend
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growth process are time invariant and calibrated to match the moments of quarterly per capita U.S.
consumption and dividend data. µc = 0.0046 is the quarterly mean consumption growth rate from
the data, and the standard deviation of the consumption is chosen to match the standard deviation
in the consumption growth data σc = 0.0044. For the given leverage parameter, ζd, µd is chosen
such that the average rate of dividend growth is equal to the mean growth rate of dividends in the
data. Similarly, for the given leverage ratio, σd can be calibrated to match the standard deviation
of dividend growth in the data.19 The leverage parameter ζd is chosen to be 3.5 which implies that
correlation of consumption and dividend growth is 0.51.
In terms of preference parameters, I use a risk aversion of 3 and IES of 2.5. The literature
examining the IES magnitude in the data leads to estimates that are both well above and below
1. BY (2004) argued that if consumption volatility is time varying, IES tends to be greater than
1. Epstein, Farhi and Strzalecki (2014) suggested that when using recursive utility and calibrating
its parameters, one should make a quantitative assessment of how much temporal resolution of
risk matters. They calculated a timing premium for BY’s (2004) calibration of RRA = 10 and
IES = 1.5 and found that the representative agent would give up 20% of lifetime consumption to
have all risk resolved next month. The general pattern is that the timing premium is increasing with
the product of RRA and IES . My specification for RRA and IES is more reasonable in this sense.
We set the time preference β = 0.9951 to match level of risk free rate in the whole sample.
Finally, the confidence and inflation parameters are calibrated for each subperiod. The persis-
tence parameter and mean of inflation, ρpi and pi, are chosen to match the first-order autocorrelation
and sample mean of inflation data in each period. The parameter ζpi is chosen to match the correla-
tion between consumption growth and inflation, and the volatility parameter σpi is chosen to match
inflation volatility in each period.
All parameters in the confidence process are directly estimated from forecasts dispersion data.
For each subperiod, ρa, is calibrated to match the first-order autocorrelation of average dispersion
in the data (0.67, 0.64, and 0.65 respectively), κc/κpi is chosen to match the correlation between
19Since there is significant seasonality in quarterly dividend data, we use the implied quarterly standard deviation of
dividend growth from annual data.
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Table 1.4: Configuration of model parameters.
Time Invariant Parameters
Preference β γ ψ
0.9951 3 2.5
Consumption µc σc
0.0046 0.0044
Dividends µd ζd σd
-0.0144 3.5 0.0262
Time Varying Parameters
Inflation ρpi ζpi σpi pi
68.Q3-79.Q2 0.685 -0.0028 0.0031 0.0155
79.Q3-96.Q4 0.94 -0.0022 0.0014 0.0094
97.Q1-11.Q4 0.52 0.0005 0.0022 0.0051
Confidence a ρa κc κpi σa
68.Q3-79.Q2 0.0053 0.673 -0.0007 0.137 0.00195
79.Q3-96.Q4 0.0053 0.48 -0.0006 0.195 0.002
97.Q1-11.Q4 0.0053 0.72 -0.0014 -0.081 0.00185
∆ct+1 = µc + σcεc,t+1
∆dt+1 = ζd∆ct+1 + µd + σdεd,t+1
pˆit+1 = ρpipˆit + ζpiεc,t+1 + σpiεpi,t+1
at+1 − a = ρa(at − a) + κcεc,t+1 + κpipˆit+1 + σaεa,t+1
Table 4 reports consumption growth, dividend growth, inflation, and confidence processes parameters. All parameters are given in
quarterly terms.
confidence and consumption growth/inflation in Table 2, a is chosen to match the mean of aver-
age dispersion of the whole sample (0.0055), σa is calibrated to match the volatility of average
dispersion of the whole sample (0.003).20
1.3.3 Basic Moments
Table 5 displays the model implications for the whole sample unconditional moments of four vari-
ables: the log consumption and dividends growth rates, log stock return, and log risk-free interest
rate. Over the whole sample period, the model is calibrated to match the first and second moments
20The number of survey participants for Philadelphia Fed’s SPF varies from maximum of 53 in 2006 Q1 to minimum
of 9 in 1990 Q2. To reduce the noise due to changes in the number of survey participants, we calibrate means and
volatilities of each subperiod using whole sample mean and volatility.
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Table 1.5: Model implied moments
Data Model
Moment Estimate Median 5% 95%
E(∆c) 1.84 1.84* 1.62 2.06
σ(∆c) 0.88 0.88* 0.80 0.96
E(∆d) 0.70 0.70* -0.81 2.21
σ(∆d) 6.08 6.07* 5.53 6.61
E(re) 7.90 9.40 7.73 11.10
σ(re) 14.97 10.46 9.51 11.44
E(r f ) 1.72 1.72* 1.50 1.92
σ(r f ) 2.32 0.51 0.44 0.62
Table 5 presents annualized moments (whole sample) for the model and data from the quarterly datasets. The model
implied moments displayed is the median, 5%, and 95% percentiles from 10,000 finite sample simulations of equivalent
length to the dataset. Column 2 display data statistics measured in real terms, with data sampled on a quarterly frequency
covering the period from 1968Q3 to 2011Q4. Means and volatilities of returns and growth rates are expressed in
percentage terms. Return volatility in the data is constructed following Campbell, Lettau, Malkiel, and Xu (2001). Note
the * statistics are used to calibrate model parameters.
of log consumption and dividends growth rates and the level of risk-free rate, with those moments
labeled with stars. The correlation of consumption and dividend growth using the simulation data
is 51%.
As shown in Table 5, the model matches well the key asset price moments. Specifically, the
model replicates the level of the log risk-free rate over the whole sample period, model implied
equity return and volatility are close to data, while the volatility of log risk-free rate is somewhat
lower than the data counterpart.
The first and second moments of equity return and risk-free rate implied by different model set-
tings are provided in Table 6. When we shut down the exogenous confidence shocks, inflation, and
consumption growth shocks separately, the volatilities of the two variables are lower, the median
equity return is smaller, and the median risk free rate is higher. While all three sources of confi-
dence fluctuations have the similar effects on the stock market, the magnitudes are small. When
we set κc = κpi = σa = a = 0, from the last row of Table 6, the magnitude of this change is huge.
26
Table 1.6: Basic moments for different settings
E(re) σ(re) E(r f ) σ(r f )
Data 7.90 14.97 1.72 2.32
Fully Specified Model 9.40 10.46 1.72 0.51
κc = 0 9.34 9.58 1.76 0.46
κpi = 0 9.21 7.89 1.80 0.43
σa = 0 9.36 9.94 1.76 0.38
κc = κpi = σa = a = 0 2.58 6.06 2.69 0.00
Table 6 presents annualized moments (whole sample) for different model settings and data from the quarterly datasets.
The model implied moments displayed are the median values from 10,000 finite sample simulations of equivalent length
to the dataset (from 1968Q3 to 2011Q4). Means and volatilities of returns and growth rates are expressed in percentage
terms.
This means ambiguity as a whole plays the most important role in the first and second moments of
equity return and risk-free rate.
1.3.4 Bond Beta, Stock Return/Inflation Correlation, and the “Fed Model”
Bond Risks
Recent studies (Campbell, Pflueger, and Viceira 2014, Campbell, Sunderam, and Viceira 2013,
and David and Veronesi 2013) have documented the facts that the covariance between stocks and
Treasury bonds has switched from positive to negative in the past decade, and the magnitudes
are very different over different subperiods. Using same method as in Campbell, Sunderam, and
Viceira 2013, we calculate CAPM beta for 5 year nominal bonds. Figure 3 plots the time series
history, where the beta of bonds with stocks was slightly positive in the 1970’s, much higher in the
1980’s, spiked in the mid-1990’s, and declined to negative average values after late 1990’s.
Table 7 shows quantitatively the average CAPM betas of 5 year bonds over the three different
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Figure 1.3: CAPM Beta of 5 Year Nominal Bond
History of the realized beta of 5 year nominal Treasury bonds with CRSP value-weighted stock index (the bond-stock covariance
divided by the realized variance of stock returns) from 1968Q3 to 2011Q4. The quarterly betas are calculated using a rolling three-
month window of daily data.
subperiods, 68.Q3-79.Q2, 79.Q3-96.Q4, and 97.Q1-11.Q4. The beta was slightly positive in the
first subperiod (0.07), fairly big in the second subperiod(0.21), and switched to −0.7 in the third
subperiod. There is no way for one to calculate the first two subperiods CAPM beta for real bonds
because no inflation-indexed bonds were available, and the third period TIPS beta was −0.08 for
5 year real bonds. Our model matches the nominal and real CAPM betas closely with the data.
Note that we don’t use Treasury bonds and inflation-indexed bonds in our calibration procedure
and therefore the nominal and real CAPM betas provide verification of the model’s out-of-sample
performance.
The “Fed Model” and Stock Return/Inflation Correlation
Another related fact about Treasury bonds is the so called “Fed Model” which was the leading prac-
titioner model of equity valuation, and this model implies a positive association between inflation
and dividend yields.21 But, for the same reason as for the nominal CAPM betas, the correlation be-
21As mentioned in Campbell and Vuolteenaho (2004), the idea is that stocks and bonds compete for space in investors’
portfolios. If the yield on bonds rises, then the risk-adjusted yield on stocks must also rise to maintain the competitiveness
of stocks. Since the nominal bond yields were mainly influenced by inflation, thus the Fed model implies that stock yields
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Table 1.7: Bond Risks
Nominal Bond Beta Real Bond Beta corr(pd ,pi)
68.Q3-79.Q2
Data 0.07 N/A -0.64
Model 0.07 -0.06 -0.79
79.Q3-96.Q4
Data 0.21 N/A -0.70
Model 0.33 -0.07 -0.99
97.Q1-11.Q4
Data -0.06 -0.08 0.16
Model -0.07 -0.06 0.28
Table 7 presents nominal and real bond betas, and price-dividend ratio/inflation correlation across different subperiods
for both data and model. Note that the real bond betas in the data are taken from CPV. The model implied statistics
displayed are the median values from 10,000 finite sample simulations of equivalent length to the dataset. Note the *
statistics are used to calibrate model parameters.
tween inflation and dividend yields has switched to negative in the past decade. As shown in Table
7, the correlation for the three subperiods are −0.64, −0.70, and 0.16 respectively. Our model lines
up with the data well, but with moderately different magnitudes.
Several studies report a negative correlation between real stock returns and inflation, including
Lintner (1975), Bodie (1976), Jaffe and Mandelker (1976), Nelson (1976), and Fama and Schwert
(1977). All these papers use a data sample from before the second subperiod in our model. Our
model implies that the correlation between stock return and inflation is -0.39 for the first subperiod,
which is consistent with these studies.
The mechanism
The mechanism that generates the time varying risk properties of Treasury bonds relative to stocks
relies on the connection between investor confidence and inflation in our model. During the first
subperiod and particularly the second subperiod, one of the most important tasks for the Fed was
to fight high inflation. High inflation realizations, due to the Fed’s failure in this task, or due to
some new factors that were not well understood, made it harder for investors to understand the
economic environment and thus they became less confident about future consumption growth. As
are highly correlated with inflation.
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a result, investors did not buy stocks and stock prices dropped, and at the same time, long-term
yields increased and bond prices decreased because of high inflation. The prices of stocks and
Treasuries moved in the same direction, and price-dividend ratios/stock returns were negatively
correlated with inflation in the first two subperiods because of this negative effect of inflation on
confidence. However, in the past decade the opposite happened. Instead of fighting high inflation,
in this period the Fed has faced deflationary pressures. In this case, high inflation realizations made
investors feel that the economic environment is well understood and they became more confident
about future consumption growth. Then stock prices rose, Treasury yields increased, and bond
prices decreased as the result of high inflation. Stock and bond prices move in opposite directions
and Treasuries served as a hedge in this period.
For real bonds, there is no inflation risk. Because confidence is persistent, any factors that cause
a decrease in confidence will lower yields and raise bond prices. At the same time, low confidence
implies low stock prices. Thus, stock prices and real bond prices move in opposite directions and
real bonds are safe assets.
1.3.5 The Predictability of Bond Returns
From the perspective of equilibrium asset-pricing models, another puzzling fact related to Treasury
bonds is the excess bond return predictability. Against the expectations hypothesis, Fama and Bliss
(1987), Campbell and Shiller (1991), Dai and Singleton (2002), and Cochrane and Piazzesi (2005)
provide evidence for bond return predictability using yield spreads and forward rates as predictors.
Bansal and Shaliastovich (2013) show that the long run risks model with time varying volatility
for expected consumption growth and inflation can account for bond return predictability. In this
paper, we follow the approach of Campbell and Shiller (1991) and Cochrane and Piazzesi (2005),
and provide evidence for bond return predictability in our model.
Denote y(n)t = − 1n p(n)t the yield on the real n periods bond and f (n)t = p(n−1)t − p(n)t the real
forward rate with n periods to maturity at time t. We use dollar superscript to refer to nominal
quantities, e.g., y(n,$)t and f
(n,$)
t denotes nominal yield and forward rate. The nominal excess log
return on buying an n-period bond at time t and selling it at timet + m as an n − m period bond is
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defined as rxn,$t→t+m = ny
(n,$)
t − (n − m)y(n−m,$)t+m − my(m,$)t .
Table 8 provides bond predictability evidence of Campbell and Shiller (1991) in that the slope
coefficients in expectations hypothesis projections are negative and decreasing with maturity, as in
the data.22 The slope coefficient for the return on a two-year bond is −0.32 in the model versus
−0.41 in the data, and it decreases to −0.55 in the model and −1.15 in the data, respectively, for
the return on a five-year bond. The model-implied coefficient spread is smaller than the estimates
in the data, this is because our confidence processes are not persistent enough.23
To further evaluate the predictability of bond returns using yields, we run regressions using
the same approach as in Cochrane and Piazzesi (2005) by first regressing the average of one-year
nominal excess bond returns of two to five years to maturity on one- to five-year forward rates,
and then extracting a single bond factor rˆxt from this regression, finally forecasting excess bond
returns at each maturity n from two to five years, rxn,$t→t+1 = const + bnrˆxt + error. They show
that the estimate bn are positive and increasing with horizons. Table 8 shows the slopes and R2s
of the regression using quarterly observations of U.S. bond yields from 1969 to 2010 from Bansal
and Shaliastovich (2013). Our model delivers a similar pattern and magnitude for the slopes and a
somewhat lower R2s for four and five years excess bond returns. In sum, the model matches well
the bond return predictability evidence from both the expectations hypothesis regressions and the
single factor regression of Cochrane and Piazzesi (2005).
Table 8 also provides nominal yields and volatilities for bonds of one to five years to maturity.
Our model can match the increase in yields and decrease in volatilities across maturities in the data.
However, the level of volatilities in the model is somewhat smaller than in the data: it is it is 2.08%
at one-year and 1.81% at five-year maturity, relative to 3.19% and 2.83% in the data, and our model
implied yields are flatter than yields in the data.24
22The slopes in the data are from Bansal and Shaliastovich (2013), where they use quarterly observations of U.S. bond
yields from 1969 to 2010. Their sample period is almost identical to ours.
23We calibrate the persistence of confidence process to match the first order autocorrelation of dispersion in the data,
which gives smaller values than other papers.
24One reason for the flat yield curve is that inflation follows AR(1) process in this model, which makes the inflation
risks not persistent enough. If one allows the inflation process to have a random walk component as in Piazzesi and
Schneider (2006), a steeper yield curve would be anticipated.
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Table 1.8: Bond Returns Prediction
1Y 2Y 3Y 4Y 5Y
Data
Yield Level 5.91 6.16 6.35 6.51 6.63
Std.Yield 3.19 3.12 3.01 2.93 2.83
EH Slope -0.41 -0.78 -1.14 -1.15
CP Slope 0.44 0.85 1.28 1.43
CP R2 0.15 0.17 0.20 0.17
Model
Yield Level 5.57 5.59 5.61 5.63 5.64
Std.Yield 2.08 1.96 1.90 1.85 1.81
EH Slope -0.32 -0.41 -0.49 -0.55
CP Slope 0.89 0.97 1.04 1.10
CP R2 0.22 0.15 0.12 0.10
Table 8 presents the whole sample nominal term structure, slopes in the expectations hypothesis regressions, and slopes and R2s in
Cochrane and Piazzesi (2005) single-factor bond premium regressions. The model implied statistics displayed are the median values
from 10,000 finite sample simulations of equivalent length to the dataset (from 1968Q3 to 2011Q4). The EH slopes, CP slopes, and CP
R2 in the data are from Bansal and Shaliastovich (2013). The end-of-quarter one to five year bond yields are from the CRSP monthly
Treasury Fama-Bliss discount bond yields.
1.3.6 Consumption, Dividends, and Return Predictability
In this model, the fluctuations in price dividend ratio are driven by the joint dynamics of confidence
and inflation, which creates variations in equity returns. Consumption and dividend growth have
constant expectations under the reference model; thus, theoretically, the price-dividend ratio will
not predict consumption and dividend growth. At the same time, consistent with the model impli-
cations, many empirical studies have argued that the log price-dividend ratio predicts excess stock
returns and not dividend growth (Campbell and Shiller 1988b; Fama and French1988; Hodrick
1992).
Table 9 provides the model’s implied predictability results. It shows regressions for excess
returns, consumption growth, and dividends growth, measured over horizons of one, three, and
five years, onto the log price-dividend ratio at the start of the measurement period. The reported
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Table 1.9: Predictability of excess return, consumption, and dividend by dividend yield
Data Model
bˆ t Rˆ2 50% 50% 50% 5% 95%
(b) (t) (R2) (R2) (R2)
Panel A:
∑J
j=1(rm,t+ j − r f ,t+ j) = a + b(pt − dt) + εt+ j
4Q -0.11 -2.09 0.07 -0.49 -3.08 0.13 0.03 0.28
12Q -0.28 -4.77 0.20 -0.93 -3.49 0.22 0.02 0.46
20Q -0.40 -8.22 0.28 -1.13 -3.71 0.23 0.01 0.55
Panel B:
∑J
j=1(∆ct+ j) = a + b(pt − dt) + εt+ j
4Q -0.00 -0.59 0.01 -0.01 -0.50 0.01 0.00 0.08
12Q -0.02 -1.24 0.07 -0.02 -0.70 0.03 0.00 0.18
20Q -0.03 -1.89 0.16 -0.03 -0.93 0.04 0.00 0.25
Panel C:
∑J
j=1(∆dt+ j) = a + b(pt − dt) + εt+ j
4Q 0.02 1.13 0.03 -0.02 -0.24 0.01 0.00 0.07
12Q 0.02 0.47 0.01 -0.07 -0.33 0.02 0.00 0.18
20Q 0.06 1.29 0.04 -0.11 -0.43 0.03 0.00 0.24
Columns 2-4 of Table 9 display coefficients, T-statistics, and R-squared statistics from predictive regressions of excess returns, con-
sumption growth, and dividend growth on log price-dividend ratios using historical data. The data employed in the estimation are real,
sampled on a quarterly frequency and cover the period from 1968Q3 to 2011Q4. Columns 7-9 present the model implied median, 5%,
and 95% percentiles R-squared of the predictive regressions from 10,000 finite sample simulations of equivalent length to the dataset.
Columns 5-6 display the model implied median of coefficients and T-statistics. Standard errors are Newey–West with 2*(horizon-1)
lags.
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results include both model and data statistics. Panels B and C show that for both the data and the
model there is relatively little predictability in consumption and dividend growth. All coefficients
are insignificant in the data and for the model. Beeler and Campbell (2012) ran the same regres-
sion for quarterly data over the period 1947 Q2 through 2008 Q4, and found no predictability in
consumption and dividend growth for all horizons.
For excess returns, the model-implied median finite-sample coefficients, t-statistics, and R2s
match the data well. Consistent with the data, the model-implied median R2s rise with maturity,
from 13% at the one-year horizon to 23% at the five-year horizon, and the magnitudes of both
coefficients and t-statistics increase with maturity.
1.3.7 Price-Dividend Ratio and Excess Return
In addition to the preceding facts, many empirical studies have documented puzzling links between
aggregate asset markets and macroeconomics: Price–dividend ratios move pro-cyclically (Fama
and French 1989) and conditional expected equity premiums move counter-cyclically (Campbell
and Shiller 1988a, 1988b; Fama and French 1989).
In this model, the log price-dividend ratio is a linear function of confidence and inflation, with a
negative coefficient on size of ambiguity (confidence), A1,m; a drop in consumption growth lowers
the confidence level, increases the size of ambiguity, at, and thus lowers the price-dividend ratio.
The model implies a pro-cyclical price-dividend ratio variation. Because aggregate consumption
growth and output growth are positively correlated, I use consumption growth as a pro-cyclical
economic indicator. As shown in section 2.5, the coefficient on confidence, or the size of ambi-
guity for the expected return, A1,E , is positive. A high consumption growth realization increases
investors’ confidence level, decreases at, and results in low expected return. Therefore, the model
implies that conditional expected equity returns move counter-cyclically.
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1.4 Robustness
1.4.1 Magnitude of Ambiguity
Given that our confidence process parameters are estimated directly using forecasts dispersion
data, one natural question is whether the size of ambiguity is reasonable. I use the error detection
probability approach suggested by Anderson, Hansen, and Sargent (2003) to provide a sense of
magnitude for the size of ambiguity.
This approach quantifies the statistical closeness of two measures by calculating the average
error probability in a Bayesian likelihood ratio test of two competing models. Intuitively, measures
that are statistically close will be associated with large error probabilities, but measures that are
easy to distinguish imply low error probabilities. Formally, let l be the log likelihood function
of the worst-case measure relative to the reference measure and Pa be the alternative worst-case
measure. Then, the average probability of a model detection error in the corresponding likelihood
ratio test is
 = 0.5 · P(l > 0) + 0.5 · Pa(l < 0),
where  is just a simple equally weighted average of the probability of rejecting the reference
model when it is true (P(l > 0)) and the probability of accepting the reference model when the worst
case model is true (Pa(l < 0)). To obtain a closed-form solution, assume the size of ambiguity is a
constant a; it follows that
 = Φ(−a2
√
N
σ2
),
where N is length of consumption data, Φ is the cumulative distribution function of the standard
normal, and  is decreasing in N and a and increasing in σ.25
In general, a closed-form expression for the detection error probability is not available because
the size of ambiguity is not constant over time. However, the linear Gaussian framework for the
25This is very intuitive in that, when time period N is long enough, or when the worst case model is different enough
(big a), agent can use the consumption data to statistically separate the reference model from the worst case belief. When
the variance is big, its hard for agent to distinguish the reference model from alternative models.
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consumption growth, inflation and confidence processes in this paper allows one to calculate the
exact likelihood function values using the Kalman filter. The state space representation encom-
passes exactly these processes: consumption growth and inflation as the measurement equation
and confidence process as the state transition equation. The reference measure is i.i.d normal and,
thus, the likelihood function is simple; the likelihood function value of the worst-case measure is
obtained recursively using the Kalman filter given the simulated data. Then, the error probability is
calculated using simulated data. Anderson, Hansen, and Sargent (2003) considered 10% to 20% as
a reasonable bound on the detection-error probability. In this paper, parameters are estimated from
data and the detection-error probabilities are bigger than 40% for all subperiods, which means that
investors would not be able to identify the correct models over 40% of the times.
1.4.2 Different Regime Breaks
We follow CPV (2014) and choose the second regime break in 1996Q4. They argue that the
third subperiod was a period of very significant monetary policy shifts toward transparency and
gradualism. However, we do not model monetary policy in this paper and bond risks are mainly
determined by the confidence/inflation correlation. We chose 1996Q4 as the second regime break
point because bond risks come to switch signs around 1996Q4 and, at the same time, the effect of
inflation on confidence also changes from negative to positive (see figures 1 and 3).
From a monetary policy point of view, 1996 is not a clear regime break point in the literature
because this is right in the middle of the Greenspan term. For the purpose of robustness, in this sec-
tion, we consider alternative regimes and split the whole sample into two subperiods using a more
obviously defined break point (beginning of the Greenspan era), 68Q3 - 87Q2 and 87Q3 - 06Q1.
The second period corresponds to the Great Moderation or whole Greenspan term. Confidence and
inflation parameters are estimated to match moments of dispersion data for each subperiod, and all
other parameters are kept the same as before. The bond risks results are shown in Table 10. The
model matches well the bond risks pattern in the data, showing that the bond betas in both periods
are positive but bigger for the first period. This is because in the data, the inflation/dispersion cor-
relation is positive for both periods and the first period is bigger (0.62 vs. 0.42). The results show
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Table 1.10: Bond Risks
Nominal Bond Beta
68.Q3-87.Q2
Data 0.13
Model 0.28
87.Q3-06.Q1
Data 0.09
Model 0.02
Table 10 presents nominal and real bond betas across different subperiods for both data and model. The model implied
statistics displayed are the median values from 10,000 finite sample simulations of equivalent length to the dataset.
that our model is robust to alternative regime breaks.
1.4.3 GDP vs Consumption
In this paper, we use GDP forecasts dispersion before 1981Q3 to approximate consumption fore-
casts dispersion when the latter are not available, and we use consumption growth as the endow-
ment growth for the whole sample. To make sure that our results are not driven by differences
between consumption and output dynamics, in this section we try two alternative models with (i)
actual GDP growth before 1981Q3 where GDP growth forecasts are used and (ii) GDP growth
(actual + forecasts ) for the subsample (after 1981Q3) where consumption growth forecasts are
available. For both cases, we use the same calibration method as in the paper.
In case I, we replace consumption growth with GDP growth before 1981Q3 and the bond risks
results are shown in Table 11. As one can see, the results are almost the same as for the benchmark
model, which is because the confidence/inflation correlation is the same as before. The slight
changes in the confidence/growth correlation, inflation/growth correlation, and moments (mean,
volatility) of the endowment process do not play significant roles in bond risks. The results for
other dimensions (e.g., basic moments, equity/bond returns prediction) are similar.
Since the results show almost no change in case I, we use GDP growth (actual + forecasts) for
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Table 1.11: Bond Risks - Case I
Nominal Bond Beta Real Bond Beta corr(pd ,pi)
68.Q3-79.Q2
Data 0.07 N/A -0.64
Benchmark 0.07 -0.06 -0.79
Case I 0.06 -0.06 -0.81
79.Q3-96.Q4
Data 0.21 N/A -0.70
Benchmark 0.33 -0.07 -0.99
Case I 0.32 -0.08 -0.99
97.Q1-11.Q4
Data -0.06 -0.08 0.16
Benchmark -0.07 -0.06 0.28
Model -0.07 -0.06 0.28
Table 11 presents nominal and real bond betas, and price-dividend ratio/inflation correlation across different subperiods
for both data and model. Note that the real bond betas in the data are taken from CPV. The model implied statistics
displayed are the median values from 10,000 finite sample simulations of equivalent length to the dataset. Note the *
statistics are used to calibrate model parameters.
the whole sample for case II. Table 12 reports the model’s performance on bond risks. Again, the
model implies that moments are very close to the benchmark model. This is because the correla-
tion patterns between GDP growth dispersion and inflation/growth are similar to the consumption
growth dispersion used previously. However, the correlation between price dividend ratios and in-
flation is somewhat bigger in this case, which is due to a slight increase in the correlation between
dispersion and inflation for this subperiod. The model’s performance on all other dimensions is
similar to that of the benchmark model.
The reports shown in Tables 11 and 12 confirm that the results from our benchmark model are
not driven by the difference between consumption and output dynamics.
1.4.4 Inflation Ambiguity
In this paper, we assume there is only ambiguity about consumption growth, and the mechanism is
driven by covariance between realized inflation and growth dispersion; thus, inflation ambiguity is
not central to our results. However, one can relax this assumption and allow for inflation ambiguity
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Table 1.12: Bond Risks - Case II
Nominal Bond Beta Real Bond Beta corr(pd ,pi)
68.Q3-79.Q2
Data 0.07 N/A -0.64
Benchmark 0.07 -0.06 -0.79
Case II 0.06 -0.06 -0.81
79.Q3-96.Q4
Data 0.21 N/A -0.70
Benchmark 0.33 -0.07 -0.99
Case II 0.27 -0.08 -0.996
97.Q1-11.Q4
Data -0.06 -0.08 0.16
Benchmark -0.07 -0.06 0.28
Case II -0.07 -0.06 0.57
Table 12 presents nominal and real bond betas, and price-dividend ratio/inflation correlation across different subperiods
for both data and model. Note that the real bond betas in the data are taken from CPV. The model implied statistics
displayed are the median values from 10,000 finite sample simulations of equivalent length to the dataset. Note the *
statistics are used to calibrate model parameters.
as well. We discuss intuitively how our results will change for two cases of inflation ambiguity
(i) constant size of ambiguity about mean inflation and (ii) time-varying ambiguity about mean
inflation.
For case I, since inflation is negatively correlated with confidence in the first and second sub-
periods, an ambiguity-averse investor will choose an upper bound inflation level as the worst case
in equilibrium. However, the equilibrium inflation level will be the lower bound for the third sub-
period because of the positive correlation between inflation and confidence. Therefore, with a
constant size of inflation ambiguity, the only impact to our results involves the changes in the level
of nominal bond yields, higher for the first two subperiods and lower for the last subperiod. Note
that mean inflation does not enter into the confidence equation and thus has no real effects.
For case II, if we assume that the stochastic process for the size of inflation ambiguity is ex-
ogenous, the equilibrium inflation level will still be the upper bound for the first two periods and
the lower bound for the third period. Not only the level of nominal bond yields, but also the yield
curve will become steeper if the ambiguity process is persistent.
For other cases of inflation ambiguity, one needs to look at the connections among the driving
forces; for example, Ulrich (2013) argues that inflation ambiguity can generate an upward-sloping
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term premium for nominal bond yields in a setting in which this is otherwise not possible.
1.5 Conclusion
Alternative asset pricing models generally are able to account for the equity premium, volatility and
risk-free rate puzzles. However, the stock/bond comovements and the predictability of stock/bond
return in the data pose a serious challenge to many models.
First, the CAPM betas of Treasury bonds was slightly positive during 1970s, high during 1980s,
and switched to negative in the past decade, and at the same time, consistent with “the Fed” model
and early studies on stock return inflation correlation, dividend yields are positively associated with
inflation in the first two subperiods, and, contrary to “the Fed” model, negatively associated with
inflation in the third subperiod. To capture this time varying feature of bond risks, the stochastic
discount factors need to have a time varying connection with inflation. Second, the excess bond
returns of Treasury bonds are predictable by yield spreads and forward rates. While it is difficult
enough to account for bond return predictability, it is much harder for equilibrium models of bond
pricing to capture also the stocks/bonds comovements. Finally, the moments of stock return, risk
free rate, and especially the behavior of the price-dividend ratios in the data also pose serious
challenges to equilibrium models.
In this paper, departing from the rational expectation hypothesis that there is a single objective
probability (coinciding with the investor’s subjective belief) measure governing the state process,
we assume the investor is ambiguity averse. Investors’ confidence, or the size of ambiguity, is
represented by a set of one-step-ahead measures regarding the consumption growth rate. Changes
in confidence correspond to changes in the set of expected consumption growth rates.
We find that stock and bond price variations are driven by the joint dynamics of confidence
and inflation. During the 1970s and particularly the 1980s, one of the most important tasks for the
Fed was to fight high inflation. High inflation realizations, due to the Fed’s failure in this task, or
due to some other factors that were not well understood, made it harder for investors to understand
the economic environment and consequently less confident about future consumption growth. As
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a result investors would not buy stocks and stock prices dropped, and at the same time, long-term
yields increased and bond prices decreased because of high inflation. The prices of stocks and
Treasuries moved in the same direction, and price-dividend ratios were negatively correlated with
inflation in the first two subperiods because of this negative effect of inflation on confidence. How-
ever, in the past decade the opposite happened. Instead of fighting high inflation, now the Fed
faced deflationary pressures. In this case, high inflation realizations made investors feel that the
economic environment was well understood and they became more confident about future con-
sumption growth. Stock prices rose, Treasury yields increased, and bond prices decreased as the
result of high inflation. Stock and bond prices moved in opposite directions and Treasuries served
as a hedge in this period.
While inflation had different impacts on confidence in different subperiods, the effect of past
consumption growth was always positive. The interpretation is similar to inflation except that
maintaining an efficient level of consumption/output growth is always one task of CB. Low ag-
gregate consumption realizations make investors less confident about future consumption growth,
which in turn lowers the price-dividend ratio (pro-cyclical variation of price-dividend ratios) and
increases expected returns (counter-cyclical variation of expected returns). Although variations
in the price-dividend ratios reflect changes in ambiguity about future expected growth, the refer-
ence mean growth rate is constant. Thus, the model will not incorrectly imply that dividend yields
predict consumption and dividend growth. At the same time, log price-dividend ratio (as a linear
function of confidence) is mean reverting and, thus, dividend yields predict excess returns as in
the data. The calibrated model can also match the first and second moments of market return and
risk-free rate observed in the data. Using simulation data, the model generates similar estimation
coefficients of the expectations hypothesis test and match well the bond return predictability.
1.6 Appendix
Forcing Process
The endowment process in the model is
41
∆ct+1 = µc + σcεc,t+1
∆dt+1 = ζd∆ct+1 + µd + σdεd,t+1 (1.11)
The inflation process follows
pˆit+1 = ρpipˆit + ζpiεc,t+1 + σpiεpi,t+1.
And the confidence process is
at+1 − a = ρa(at − a) + κcεc,t+1 + κpipˆit+1 + σaεa,t+1 (1.12)
with εc,t+1, εd,t+1, and εa,t+1∼i.i.d. N(0, 1).
The Worst-Case Belief
First, I prove the worst-case belief is the one with lowest expected growth rate, −at. Given the
endowment and confidence process, rewrite the utility over consumption as
Vt
Ct
=
(
1 − β + β
{
minpt∈Pt Ept
[(
Vt+1
Ct+1
)1−γ (Ct+1
Ct
)1−γ]} 1θ ) θ1−γ
.
Let vt =
Vt
Ct
, and the state variable is at. Now the utility can be rewritten as
vt(at) =
(
1 − β + β
{
minµ˜t∈[−at ,at] Eµ˜t
[
(vt+1(at+1))1−γ
(
Ct+1
Ct
)1−γ]} 1θ ) θ1−γ
.
Since the process for at is independent of the choice of µ˜t, thus choice of µ˜t has no effect
on at+1 . Plus vt(at) is increasing function of µ˜t, therefore the worst-case belief is the one with
lowest expected growth rate, µ˜t = −at. Then the min operator can be replaced with the worst-case
measure.
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Solving the Model
The Euler equation for the economy is evaluate under the worst-case measure,
E−at
[
exp
(
θlogβ − θ
ψ
∆ct+1 + (θ − 1)rc,t+1 + ri,t+1
)]
= 1, (1.13)
where rc,t+1 is the log return on the consumption claim and ri,t+1 is the log return on any asset.
First, conjecture that the log price-consumption ratio, zt, and the log price-dividend ratio for a
dividend claim, zt,m,follow,
zt = A0 + A1at + A2pˆit, (1.14)
zt,m = A0,m + A1,mat + A2,mpˆit. (1.15)
The log return on consumption claim and log return on dividend claim are given by the Campbell
and Shiller (1988b) approximation,
rc,t+1 = k0 + k1zt+1 + ∆ct+1 − zt. (1.16)
rm,t+1 = k0,m + k1,mzt+1,m + ∆dt+1 − zt,m. (1.17)
Return on Consumption Claim
In order to solve A0, A1 and A2, I substitute (14), (16), (11), and (12) into Euler equation (13). zt
can be found by the method of undetermined coefficients, using the fact that the Euler equation
must hold for all values of state variables at and pˆit. Collecting all terms involving at, it follows
that A1 =
1− 1ψ
k1ρa−1 ; Collecting all terms involvingpˆit, it follows that A2 =
k1ρpi
1−k1ρpi κpiA1; And collect all
terms involving constant implies that
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A0 =
logβ+(1− 1ψ )µc+k0+k1A1(1−ρa)a+0.5θ[(1− 1ψ )σc+k1A1(κc+κpiζpi)+k1A2ζpi]2+0.5θ(k1A1σa)2
1−k1 .
Pricing Kernel/IMRS
The log real pricing kernel is,
mt,t+1 = logMt,t+1 = θlogβ − θψ∆ct+1 + (θ − 1)rc,t+1.
And given the solution for return on consumption claim, rc,t+1, the innovation to pricing kernel
can be written as ,
mt,t+1 − E−at (mt,t+1) = vmcεc,t+1 + vmpiεpi,t+1 + vmaεa,t+1,
with vmc = (θ − 1)k1A1(κc + κpiζpi) − γσc + (θ − 1)k1A2ζpi, vmpi = (θ − 1)k1A1κpiσpi + (θ − 1)k1A2σpi,
and vma = (θ − 1)k1A1σa capturing the pricing kernel’s exposure to consumption shocks, inflation
shocks, and exogenous confidence shocks respectively.
The log nominal pricing kernel that we use to value assets with nominal payoffs is defined as,
m$t,t+1 = mt,t+1 − pit+1. (1.18)
Risk-Free Rate
Given rc,t+1 solved above, the log pricing kernel, can be used to solve the risk-free rate,
r f ,t = log( 1E−at (Mt,t+1) ).
The solution for risk-free rate is r f ,t = A0, f + A1, f at + A2, f pˆit, with
A0, f =
−θlogβ + γµc − (θ − 1)k0 − (θ − 1)k1A0 − (θ − 1)k1A1(1 − ρa)a−
0.5((θ − 1)k1A1σa)2 − 0.5((θ − 1)k1A1κpi + (θ − 1)k1A2)2σ2pi + (θ − 1)A0
−[(θ − 1)k1A1(κc + κpiζpi) − γσc + (θ − 1)k1A2ζpi]2
,
A1, f = − 1ψ , and A2, f = 0 .
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Return on Dividend Claim
Given the solution for log return on consumption claim, substitute rc,t+1, (15), (17), (11), and (12)
into Euler equation (13) and use the method of undetermined coefficients, A0,m, A1,m and A2,m can
by found in a similar way,
A1,m =
ζ − 1ψ
k1,mρa − 1 ,
A2,m =
k1,mρpi
1 − k1,mρpi κpiA1,m,
A0,m =
θlogβ + (ζd − γ)µc + µd + (θ − 1)(k0 + A0(k1 − 1)) + k0,m
+(θ − 1)k1A1(1 − ρa)a + k1,mA1,m(1 − ρa)a
+0.5[(κc + κpiζpi)((θ − 1)k1A1 + k1,mA1,m) + (ζd − γ)σc + ζpi((θ − 1)k1A2 + k1,mA2,m)]2]
+0.5((θ − 1)k1A1 + k1,mA1,m)2σ2a + 0.5σ2d
1 − k1,m
The expected equity return are calculated under the reference measure that fit the data best,
givenA0,m, A1,m and A2,m, it is straight forward to find the expected market return under reference
measure, Et(rm,t+1) = A0,E + A1,Eat + A2,E pˆit, with
A1,E = A1,m(k1,mρa − 1),
A2,E = 0,
A0,E = k0,m + (k1,m − 1)A0,m + k1,mA1,m(1 − ρa)a + ζdµc + µd
The innovation in market return
rm,t+1 − Et(rm,t+1) = vecεc,t+1 + vepiεpi,t+1 + veaεa,t+1 + vedεd,t+1,
vec = k1,m[A1,m(κc + κpiζpi) + A2,mζpi] + ζdσc,
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vepi = k1,m(A1,mκpiσpi + A2,mσpi),
vea = k1,mA1,m,
ved = σd
that capturing the stock returns’ exposure to consumption shocks, inflation shocks, exogenous
confidence shocks, and dividend growth shocks respectively.
The conditional variance of market return is v2ec + v
2
epi + v
2
ea + v
2
ed, and the equity premium is given
by Et(rm,t+1 − r f ,t) + 0.5Vart(rm,t+1).
Bond Prices
The time-t price of a zero-coupon bond that pays one unit of consumption n periods later is
denoted P(n)t , and it satisfies the recursion P
(n)
t = Epot [Mt,t+1P
(n−1)
t+1 ]. We assume that
p(n−1)t+1 = log(P
(n−1)
t+1 ) is a linear function of confidence and demeaned inflation,
p(n−1)t+1 = A
n−1
0 + A
n−1
1 at+1 + A
n−1
2 pˆit+1.
Then we substitute (19) into the the Euler equation for the price recursion, and p(n)t = log(P
(n)
t )
can be solved as a linear function of time-t confidence and demeaned inflation,
p(n)t = A
n
0 + A
n
1at + A
n
2pˆit
with
An1 = A
1
1 + A
n−1
1 ρa
An2 = A
1
2 + A
n−1
2 ρpi + A
n−1
1 κpiρpi
An0 = A
1
0 + 0.5Vart(p
(n−1)
t+1 ) + Covt(mt,t+1, p
(n−1)
t+1 ) + A
n−1
0 + A
n−1
1 (1 − ρa)a.
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Where
Vart(p
(n−1)
t+1 ) = v
2
pc + v
2
ppi + v
2
pa,
vpc = An−12 ζpi + A
n−1
1 (κc + κpiζpi),
vppi = (An−12 + A
n−1
1 κpi)σpi,
vpa = An−11 σa,
Covt(mt,t+1, p
(n−1)
t+1 ) = vmcvpc + vmpivppi + vmavpa.
Since the initial values of A10 = −A0, f , A11 = −A1, f , and A12 = 0 can be calculated from P(1)t =
Epot [Mt,t+1], all the parameter values of longer periods can be calculated recursively.
Similarly, assume p(n,$)t = A
n,$
0 + A
n,$
1 at + A
n,$
2 pˆit, we can get the parameter values of nom-
inal bond price P(n,$)t using nominal pricing kernel m
$
t,t+1 and nominal price recursion P
(n,$)
t =
Epot [M
$
t,t+1P
(n−1,$)
t+1 ]. The parameters for confidence and demeaned inflation satisfy the recursions
An,$1 = A
1,$
1 + A
n−1,$
1 ρa,
An,$2 = A
1,$
2 + A
n−1,$
2 ρpi + A
n−1,$
1 κpiρpi,
An,$0 = A
1,$
0 + 0.5Vart(p
(n−1,$)
t+1 ) + Covt(m
$
t,t+1, p
(n−1,$)
t+1 ) + A
n−1,$
0 + A
n−1,$
1 (1 − ρa)a.
Where
Vart(p
(n−1,$)
t+1 ) = v
2
p$c + v
2
p$pi + v
2
p$a,
vp$c = A
n−1,$
2 ζpi + A
n−1,$
1 (κc + κpiζpi),
vp$pi = (A
n−1,$
2 + A
n−1,$
1 κpi)σpi,
vp$a = A
n−1,$
1 σa,
Covt(m$t,t+1, p
(n−1,$)
t+1 ) = Covt(mt,t+1, p
(n−1,$)
t+1 ) −Covt(pit+1, p(n−1,$)t+1 ),
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Covt(mt,t+1, p
(n−1,$)
t+1 ) = vmcvp$c + vmpivp$pi + vmavp$a,
Covt(pit+1, p
(n−1,$)
t+1 ) = ζpivp$c + σpivp$pi.
The log holding period return from buying an n periods real bond at time t and selling it as an
n − 1 periods real bond at time t − 1 is defined as rn,t+1 = p(n−1)t+1 − p(n)t , and the holding period
return for n periods nominal bond is defined similarly as r$n,t+1 = p
(n−1,$)
t+1 − p(n,$)t . Given the real
and nominal bond prices, we can find the shocks to real and nominal bond returns,
rn,t+1 − Et(rn,t+1) = vrncεc,t+1 + vrnpiεpi,t+1 + vrnaεa,t+1,
vrnc = An−12 ζpi + A
n−1
1 (κc + κpiζpi),
vrnpi = (An−12 + A
n−1
1 κpi)σpi,
vrna = An−11 σa,
and
r$n,t+1 − Et(r$n,t+1) = vrn$cεc,t+1 + vrn$piεpi,t+1 + vrn$aεa,t+1,
vrn$c = A
n−1,$
2 ζpi + A
n−1,$
1 (κc + κpiζpi),
vrn$pi = (A
n−1,$
2 + A
n−1,$
1 κpi)σpi,
vrn$a = A
n−1,$
1 σa.
Then the covariance between stock and bond returns are
Covt(rm,t+1, rn,t+1) = vecvrnc + vepivrnpi + veavrna,
Covt(rm,t+1, r$n,t+1) = vecvrn$c + vepivrn$pi + veavrn$a.
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Chapter 2
Learning from Monetary Shocks and Asset Returns
2.1 Introduction
The empirical finance literature has provided substantial evidence that both stock market and bond
market react strongly to monetary shocks. For example, Bernanke and Kuttner (2005) show that
stock returns increase 100 bps for a 25 bps expansionary monetary shock, and Gurkaynak, Sack,
and Swanson (2005) show that nominal short term forward rates increase 50 bps given a 100 bps
tightening monetary shock, and the response turns to negative at longer horizons. Yet, standard dy-
namic stochastic general equilibrium (DSGE) models used for business cycle and monetary policy
analysis, largely fail to replicate the directions and the magnitudes of the reactions, in part because
the luck of a direct channel through which both stock and bond markets can response to monetary
shocks.
Base on the growing body of evidence that the policymaker has more information about eco-
nomic fundamentals than private agents1, we provide a learning channel where monetary shocks
serve as signal of TFP growth in a standard New Keynesian model. The economy includes a
representative household and firms that have homogeneous, but imperfect information about TFP
growth. While the policymaker has perfect information regarding TFP growth and sets interest rate
according to a Taylor rule using this information advantage. Within the Taylor rule equation, both
nature output, which is a linear function of TFP growth, and the monetary shocks are unobserv-
able to private sector. Consequently, agents in the private sector cannot fully distinguish monetary
shocks from changes in TFP growth rates, and update their beliefs for TFP growth using a Kalman
Filter.
Our main findings are as follows. First, consistent with the empirical findings, the learning
channel allows the model to capture stock and bond markets reactions to monetary shocks quan-
titatively. Following an expansionary monetary policy shock, agents expect a higher TFP growth
1For example, Romer and Romer 2000 and Campbell et al. 2012.
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today; this causes stock price to rise. Mean reverting TFP growth expectation implies lower fu-
ture growth expectation, which lowers nominal and real bond yields. Second, monetary shocks
in this model work like noise shocks and generate business cycle comovements among key macro
variables, for example output, labor, and inflation will rise simultaneously given an expansion-
ary monetary policy shock. Third, because of the increase in output and inflation, following the
Taylor rule, policymaker will increase short rate using his true TFP growth information, which is
lower than private sector’s expectation. This causes a bigger nominal rate increasing than agent’s
expectation and will then send a signal that TFP growth is lower. Private sector will adjust their ex-
pectation consequently. The feedback mechanism suggests that our model implied nominal yields
will be lower than actual nominal rate set by the Central Bank.
Related literature
This paper is related to a number of empirical papers that have estimated the reactions of stock
and bond markets to monetary shocks, e.g., Bernanke and Kuttner (2005), Gurkaynak, Sack, and
Swanson (2005), Nakamura and Steinsson (2015), Challe and Giannitsarou (2014), among others.
These empirical studies find a positive (negative) reaction in the stock market value (nominal and
real bond yields) to expansionary policy shocks. To our knowledge, there are no theoretical models
that can match those empirical findings simultaneously. A calibrated version of our model does
well at matching these empirical reactions of stock and bond markets to monetary shocks.
The paper is also related to some empirical and theoretical work focusing on the signaling
channel of monetary policy. Romer and Romer (2000), Campbell et al. (2012), and Nakamura
and Steinsson (2013) show policymaker has more information about economic fundamentals than
private agents and provide reduced-form estimates of the responses of survey forecasts and asset
prices to monetary policy shocks. In a micro founded New Keynesian model, this paper makes a
reasonable and specific assumption on policymaker’s information advantage base on these studies,
and provides a direct learning channel through which stock and bond markets can response to
monetary shocks.
The paper continues as follows. Section 2 outlines the model. Section 3 solves the model
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analytically. Section 4 specifies policy rule and the learning framework. Section 5 discusses the
results of empirical analysis.
2.2 The Model
In a production economy, households maximize their utility over consumption of a basket of dif-
ferentiated goods and leisure (or disutility from supplying labor for production). The differentiated
goods are produced by monopolistic firms follow Calvo price setting. Households provide labor
and have homogeneous, but imperfect information about TFP growth. The policymaker has per-
fect information regarding TFP growth and sets interest rate according to a Taylor rule using this
information advantage.
2.2.1 Production
Final Good
The final good Ct, which can be consumed by household directly, is a basket of differentiated goods
produced by monopolistic intermediate goods producers and as the Dixit-Stiglitz aggregator
Ct =
[∫ 1
0
Ct(i)
θp−1
θp di
] θp
θp−1
, (2.1)
where θp > 1 is the elasticity of substitution across intermediate goods, and Ct(i) is the ith
intermediate good. As shown in appendix, cost minimization of the final good producer leads the
demand function for the ith intermediate good to be
Ct(i) =
(
Pt(i)
Pt
)−θp
Ct, (2.2)
with Pt(i) as the price for goods i and Pt as the final good price.
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Intermediate Goods
Intermediate good i is produced by a monopolist indexed by i. There are a continuum of such firms
and they take wages as given and set prices in a Calvo (1983) setting. Each period, only fraction
of 1 − αp of random firms set their price optimally and the rest keep their previous period prices.
Firms get chances to reset prices will choose optimal price to maximize their profits taking into
account that there is a probability of αp of not being able to adjust price each period in the future.
The firms solve
max E
 ∞∑
k=0
αkpM
$
t,t+k
[
Pt(i)Yt+k|t(i) −Wt+k|tNdt+k|t(i)
] , (2.3)
subject to the intermediate good demand function
Yt+k|t(i) =
(
Pt(i)
Pt+k
)−θp
Yt+k, (2.4)
and the production function
Yt+k|t(i) = Ndt+k|t(i)Et (At+k) , (2.5)
where output Yt+k|t(i) is firm i′s production at time t + k given that its last price setting oppor-
tunity happened at time t. Similarly for Wt+k|t and Ndt+k|t(i). Note that agents in this model cannot
observe technology growth At+k, thus we have Et (At+k) in the production function.
Since all firms solve the same maximization problem when they have chances to reset price
optimally. The optimal price P∗t will be same for all firms. As shown in appendix, the optimal price
is
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P∗t
Pt
=
µp,t
Et (At)
Wt
Pt
, (2.6)
where µp,t is a time-varying product markup. Without price rigidities, µp,t is constant over time
and equal to µp =
θp
θp−1 .
Technology
We follow common practice in business cycle analysis by assuming that TFP contains both perma-
nent and transitory components. The data generating process for log TFP is
at = a¯ + at−1 + εa,t + θt
θt = ρθθt−1 + εθ,t
where at = log(At), εa,t v N(0, σa), and εθ,t v N(0, σθ). εa,t and εθ,t are independent.
• Assumption 1A: Agents cannot observe the transitory component θt and the permanent
component at at t
• Assumption 2A: Both shocks εa,t and εθ,t are not observable to agents at the beginning of
period t, inflation, output, labor and consumption are observable as results of agent expecta-
tions,
• Assumption 3A: at−1 is known for agents at t
At the beginning of period t, all the macro variables, for example inflation, output, labor and
consumption are observable to agents. Given assumption 1, 2, and 3, values of all the macro
variables depend on agent’s expectation about TFP. After shocks εa,t and εθ,t realized, all values
adjust accordingly depend on how shocks changes their beliefs about TFP.
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2.2.2 Household
Preference
The representative agent has felicity over final consumption good and labor hours
Ut = 11−σC
1−σ
t − 11+ϕκtN1+ϕt
with κt = (EtAt)1−σ and At is the level of technology. κt helps to preserve balanced growth
when At contains random walk component. The representative household seeks to maximize
Et
∞∑
j=0
βt
[
1
1 − σC
1−σ
t+ j −
1
1 + ϕ
κt+ jN
1+ϕ
t+ j
]
, (2.7)
subject to the intertemporal budget constraint
PtCt + QtBt = Bt−1 + WtNt + Tt,
2.3 Model Solution
In this section, we solve and log linearize the standard microfounded new keynesian model de-
scribed in section 2. Output, consumption, and wage are detrended and stationary C
′
t =
Ct
Et(At)
,
Y
′
t =
Yt
Et(At)
, W
′
t =
Wt
Et(At)
. We also list the equations for stock and bond pricing.
2.3.1 Solution
Equilibrium conditions are provided in logarithm (xt = log(Xt))
y
′
t = c
′
t
c
′
t = Et(c
′
t+1) −
1
σ
(it − Etpit+1 − ρ) + Et(at+1 − at)
y
′
t = nt
w
′
t − pt = ϕnt + σc
′
t
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pit = (1 − θ) (p∗t − pt−1)
p∗t = (1 − θβ) (mˆc + pt) + θβEt p∗t+1
mct = w
′
t − pt
pit = pt − pt−1
with the reduced form to be
y
′
t = Et(y
′
t+1) −
1
σ
(it − Etpit+1 − ρ) + Et(at+1 − at)
pit = λmˆct + βEtpit+1
mct = (ϕ + σ)y
′
t
λ =
(1 − θ)(1 − θβ)
θ
ρ = −log(β)
Under flexible prices, mc = −µ = (ϕ+σ)y′nt , so we will have y′nt = y′n = − µϕ+σ . Let yˆt = y
′
t −y′nt
or yˆt = yt − ynt where ynt = Et(at) − µσ+ϕ . The solutions above become
yˆt = Et(yˆt+1) − 1
σ
(it − Etpit+1 − rnt ) DIS
pit = κyˆt + βEtpit+1 NKPC
with
ynt = Et(at) −
µ
σ + ϕ
rnt = ρ + σEt(at+1 − at)
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yˆt = yt − ynt
κ = (1 − θβ) (1 − θ) (σ + ϕ) /θ
2.3.2 Stock and Bond Pricing
Given the household preference, we have a standard stochastic discount factor between dates t and
t + 1, Mt,t+1. It follows from the Euler equation that the asset pricing equations are
Mt,t+1 = βEt
(C−σt+1
C−σt
)
Rt+1,D =
1 + PDt+1
PDt
(
Dt+1
Dt
)ξ
1 = Et
(
Mt,t+1Rt+1,D
)
ξ = leverage ratio
Dt = exp(Firm real pro f it)
Similarly, the real bond yield equations (n periods real bond) are
P(n)t = Et
(
P(n−1)t+1 Mt+1
)
= Et
 n∏
i=1
Mt+i

y(n)t = −
1
n
p(n)t
p(n)t = log
(
P(n)t
)
y(n)t = n − period real yield
For nominal yield, just replace mt+i with m$t+i = mt+i−pit. Thus the real and nominal one-period
interest rate is given by
rt = −logE (Mt,t+1), and it = −logE (M$t,t+1)
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2.4 Monetary Rules and Learning
2.4.1 Monetary Rules
In this section, we propose the information structure for monetary authority and the learning frame-
work for private sector. Policymaker has more information regarding TFP growth and sets interest
rate according to a Taylor rule using this information advantage. We follow the literature and
assume Taylor rule follows
it = ρiit−1 + (1 − ρi)(ι¯ + φpipit−1 + φyyˆP,t−1 − φyεi,t)
where the interest rate is set responding to the lagged interest rate, aggregate lagged inflation
pit−1, the lagged output gap yˆP,t−1, and a policy shock εi,t. There are two deviations from standard
Taylor rule, (1) monetary authority sets interest rate using his own information which is different
from private sector’s. Thus yˆP,t−1 is the output gap defined using monetary authority’s information
on TFP growth. (2) Taylor rule is set one period ahead, so that we can limit the contemporary
feedback effect from policy shock εi,t. Agent’s TFP growth expectations will change for a given
policy shock, but policymaker does not take this into consideration when setting nominal rate2. We
make the following assumptions for monetary authority’s information
• Assumption 1P: Policymaker knows the transitory component θt, but not at at time t
• Assumption 2P: Inflation, output, labor and consumption are observable to policymaker
• Assumption 3P: at−1 is known for policymaker at t
Given these assumptions, nature output for policymaker can be written as ynP,t = EP,t(at) − µσ+ϕ =
a¯ + at−1 + θt − µσ+ϕ . Define vt = εi,t + θt−1, Taylor rule becomes,
it = ρiit−1 + (1 − ρi)(ι¯ + φpipit−1 + φy(yt−1 − a¯ − at−2 − θt−1 + µ
σ + ϕ
) − φyεi,t)
2Note that this assumption will give us a clear impulse reaction function to see the effect of monetary shock on stock
and bond markets. This assumption can be relaxed and main results in this paper will still hold.
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it = ρiit−1 + (1 − ρi)(ι¯ + φpipit−1 + φy(yt−1 − a¯ − at−2 + µ
σ + ϕ
) − φyvt)
it = ρiit−1 + (1 − ρi)(ι¯ + φpipit−1 + φy(yˆt−1 + Et−1 (at−1) − a¯ − at−2) − φyvt)
it = ρiit−1 + (1 − ρi)(ι¯ + φpipit−1 + φy(yˆt−1 + Et−1 (θt−1)) − φyvt)
Within the Taylor rule equation, both nature output, which is a linear function of TFP growth,
and the monetary shocks are unobservable to private sector. Consequently, agents in the private
sector cannot fully distinguish monetary shocks from changes in TFP growth rates, and then update
their beliefs for TFP growth. While vt as a new shock that combines εi,t and θt−1, is observable to
agents.
2.4.2 Learning
For agents, vt is observable and θt is unobservable. We can write the state space representation of
these two variables
vt = εi,t + θt−1
θt = ρθθt−1 + εθ,t
Since at−1 is known to agents, their TFP expectation Et(at) = a¯ + at−1 + Et(θt) depend on
expectation about the transitory component θt. vt as a signal for θt−1, is observable. In this case,
agents form their beliefs using Kalman Filter
θt|t = (1 − K) (ρθθt−1|t−1) + Kvt
K =
Σ
Σ + σ2i
Σ =
σ2i
2
(
−(1 − ρ2θ − φ) +
√
(1 − ρ2θ − φ)2 + 4φ
)
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φ =
σ2θ
σ2i
where K is Kalman gain and θt|t is the expectation. We can then rewrite the nature rate as
rnt = ρ+σEt(at+1 −at) = ρ+σa¯ +σρθθt|t. The economy can be summarized by the following three
equation system,
yˆt = Et(yˆt+1) − 1
σ
(it − Etpit+1 − ρ − σa¯ − σρθEt (θt)) DIS
pit = κyˆt + βEtpit+1 NKPC
it = ρiit−1 + (1 − ρi)(ι¯ + φpipit−1 + φy(yˆt−1 + Et−1 (θt−1)) − φyvt)
2.5 Quantitative Results
Given the equilibrium conditions in sections 3 and 4, we can solve the 3 equation system in a
standard way. In this section, we show our results for (i) stock market reaction to monetary shocks,
(ii) bond market reaction to monetary shocks, and (iii) business cycle comovements among macro
variables generated by monetary shocks.
All the parameter values are provided in Table 1, where the Taylor Rule parameters are from
Campbell, Pflueger, and Viceira 2015 period of 01.Q1-11.Q4.
2.5.1 Stock Market Response to Monetary Shock
Bernanke and Kuttner (2005) estimate that a one percentage point surprise cut in the policy rate
leads to a increase in equity prices of between 2.5% and 4.6%. To our knowledge, there is no
theoretical models that can match this reaction quantitatively. In our model, expansionary monetary
shocks increase private sector’s TFP growth expectation, and thus increase stock price. The impulse
response functions (IRFs) are provided in Figure 1. As shown in the figure 1, a one percentage point
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Table 2.1: Configuration of model parameters
Parameter Description Value
β Discount factor 0.98
γ Risk aversion parameter 4
ϕ Inverse of Frisch labor elasticity 0.35
Elasticity of substitution of differentiated goods 6
Price rigidity 0.65
ρi Interest-rate smoothing coefficient 0.82
ι¯ Long run rate 0.02
φpi Response to inflation 1.6
φy Response to output gap 0.82
σi Volatility of policy shock 0.15
a¯ Mean TFP growth 0
σθ transitory TFP growth volatility 0.1
ρθ autocorrelation of transitory TFP growth shocks 0.975
σa permanent TFP volatility 0.2
The table contains the parameter values for benchmark calibration. All volatility are presented in percent per quarter.
increase in the annualized nominal interest rate shock leads to a drop in stock prices about 4.3%,
which is consistent with their estimation.
2.5.2 Bond Market Response to Monetary Shock
Gurkaynak, Sack, and Swanson (2005) show that nominal short term forward rates increase 50 bps
given a 100 bps tightening monetary shock, and the response turns to negative for longer horizons
of four years or more. Nakamura and Steinsson (2015) estimate that real short term and long term
yields also increase about one to one in response to tightening shocks. In our model, expansionary
monetary shocks increase private sector’s TFP growth expectation, mean reverting TFP growth
expectation implies lower future growth expectation, which lower nominal and real bond yields.
As shown in Figure 2, consistent with the empirical findings, short term real and nominal yields
decrease about one to one in response to expansionary shocks, and the response of nominal yield
turns to positive after about four years.
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Figure 2.1: Impulse response to one standard deviation monetary shock (-15 bps)
Impulse response to a negative one standard deviation monetary shock, where re−div is the log real return to dividend
claims, p−d is the log price dividend ratio, m is the log discount factor, n is log labor, y is the log output, x is the output
gap, pi is inflation, i is interest rate, and z−E is expectation of short term TFP growth θ.
One observation from Figure 1 is that the IRF for nominal rates is hump shaped, while the IRFs
for nominal short yields are not hump shaped from Figure 2. The difference is due to the following
mechanism. Following an expansionary monetary shock, private section TFP growth expectation
rises for current period (and will revert to mean slowly in the future since TFP expectation is a
mean reverting process), thus output and inflation rise. Policymaker adjusts nominal with one
period lag, will increase nominal rate next period because of higher output and inflation, that is
why we observe a hump shaped IRF for nominal rates.
Because of the increases in output and inflation, next period, policymaker will increase short
rate using true TFP growth information, which is lower than private sector’s expectation (shocks
today changed agent’s expectation). This causes a bigger nominal rate increasing than agent’s
expectation and will then send a signal that TFP growth is lower. Private sector will adjust their ex-
pectation consequently. The feedback mechanism suggests that our model implied nominal yields
in Figure 2 will be lower than actual nominal rate set by the Central Bank in Figure 1.
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Figure 2.2: Bond yields response to one standard deviation monetary shock (-15 bps)
Impulse response to a expansionary one standard deviation monetary shock, where y−1,y−4 ,y−20 are the log real yields
for 1, 4, and 20 quarters, y−1n,y−4n ,y−20n are the log nominal yields for 1, 4, and 20 quarters.
2.5.3 Macro Variables Comovements
An open question in business cycle analysis is what kind of shocks drive fluctuations. Standard
models of business cycles that rely on microeconomic foundations generate fluctuations in eco-
nomic activity in response to fluctuations in fundamentals, such as preferences, technology, or
government policy. Recent literature has investigated the role of intangible information that is not
contained in current innovations to technology or policy. For example, models with “news shocks”
have examined how the arrival of information about future total factor productivity (TFP) can in-
duce booms or recessions.
In this model, monetary shocks work like noise shocks and generate business cycle comove-
ments among key macro variables by changing private sector’s TFP growth expectation. For exam-
ple, expansionary monetary shocks increase agent’s TFP growth expectation today which implies
higher labor, output, and stock prices. At the same time, TFP growth expectation is mean reverting,
and future expected growth is low, thus inflation increases. As show in Figure 1, output, labor, and
inflation will rise simultaneously given an expansionary monetary policy shock.
Bibliography
[1] Abel, A. B. 1999. “Risk Premia and Term Premia in General Equilibrium,” Journal of Mone-
tary Economics, 43: 3-33.
[2] Adam, K., A. Marcet, and J.P. Nicolini (2012). “Stock Market Volatility and Learning.” Work-
ing paper.
[3] Anderson, Evan, Lars P. Hansen, and Thomas J. Sargent. 2003. “A Quartet of Semigroups for
Model Specication, Robustness, Prices of risk, and Model Detection.” Journal of the European
Economic Association 1: 68-123.
[4] Anderson, Evan W., Eric Ghysels, and Jennifer L. Juergens. 2007. “The Impact of Risk and
Uncertainty on Expected Returns.” Working paper, Northern Illinois University, University of
North Carolina, and Arizona State University.
[5] Backus, D, B. Routledge, and S. Zin. 2004. “Exotic Preferences for Macroeconomists,”
NBER Macroeconomics Annual 2004, ed. by M. Gertler and K. Rogoff. Cambridge: MIT
Press, 319-390.
[6] Baele, Lieven, Geert Bekaert, and Koen Inghelbrecht, 2010, “The Determinants of Stock and
Bond Return Comovements”, Review of Financial Studies 23, 2374-2428.
[7] Bansal, R. and A. Yaron. 2004. “Risks for the Long Run.” Journal of Finance 59: 1481-1509.
[8] Bansal, R., D. Kiku, and A. Yaron. 2007. “A Note on the Economics and Statistics of Pre-
dictability: A Long Run Risks Perspective.” Unpublished Paper, Duke University and Uni-
versity of Pennsylvania.
[9] Bansal, R, D. Kiku, and A. Yaron. 2012. “An Empirical Evaluation of the Long-Run Risks
Model for Asset Prices.” Critical Finance Review 1: 183-221.
[10] Bansal, R. and I, Shaliastovich. 2013. “A Long-Run Risks Explanation of Predictability Puz-
zles in Bond and Currency Markets” Review of Financial Studies 26(1): 1-33.
63
[11] Beeler, J. and J. Y. Campbell. 2012. “The Long-Run Risks Model and Aggregate Asset Prices:
An Empirical Assessment.” Critical Finance Review 1: 141-182.
[12] Bodie, Z., 1976. “Common Stocks as a Hedge against Inflation.” The Journal of Finance 31:
459-470.
[13] Bracha, A. and E. U. Weber. 2012. “A Psychological Perspective of Financial Panic” FRB
Boston Public Policy Discussion Paper Series 12-7 (2012).
[14] Cagetti, M, L. P. Hansen, T. Sargent, and N. Williams. 2002. “Robustness and Pricing With
Uncertain Growth.” Review of Financial Studies 15: 363-404.
[15] Campbell, J. Y. 1993. “Intertemporal Asset Pricing Without Consumption Data.” American
Economic Review 83: 487-512.
[16] Campbell, J. Y. 1999. “Asset prices, consumption and the business cycle.” 1231-1303, in John
B. Taylor and Michael Woodford eds.: Handbook of Macroeconomics, Volume 1, Elsevier
Science, North-Holland.
[17] Campbell, J. Y. 2003. “Consumption-based asset pricing.” Chapter 13 in G. Constantinides,
M. Harris, and R. Stulz (eds.), Handbook of the Economics of Finance Vol. IB., North-
Holland, Amsterdam.
[18] Campbell, J. Y. and J. H. Cochrane. 1999. “By Force of Habit: A Consumption-based Expla-
nation of Aggregate Stock Market Behavior.” Journal of Political Economy 107: 205–255.
[19] Campbell, J. Y. and H. K. Koo. 1997. “A Comparison of Numerical and Analytical Approx-
imate Solutions to an Intertemporal Consumption Choice Problem.” Journal of Economic
Dynamics and Control 21: 273-295.
[20] Campbell, J. Y., C. Pflueger, and L. Viceira, 2014, “Monetary Policy Drivers of Bond and
Equity Risks”, unpublished paper, Harvard University.
64
[21] Campbell, J. Y. and R. J. Shiller. 1988a. “The Dividend-Price Ratio and Expectations of
Future Dividends and Discount Factors.” Review of Financial Studies 1: 195-228.
[22] Campbell, J. Y. and R. J. Shiller. 1988b. “Stock Prices, Earnings, and Expected Dividends,”
Journal of Finance 43: 661-676.
[23] Campbell, J., and R. Shiller. 1991, “Yield spreads and interest rate movements: A bird’s eye
view,” Review of Economic Studies 58: 495 - 514.
[24] Campbell, J. Y., A. Sunderam, and Luis M. Viceira, 2013. “Inflation Bets or Deflation
Hedges? The Changing Risks of Nominal Bonds” , unpublished paper, Harvard University.
[25] Cao, H. T. Wang, and H. Zhang. 2005. “Model Uncertainty, Limited Market Participation,
and Asset Prices.” Review of Financial Studies 18: 1219-1251.
[26] Chen, Z. and L. Epstein. 2002. “Ambiguity, Risk and Asset Returns in Continuous Time.”
Econometrica, 70: 1403-1445.
[27] Christiansen, Charlotte and Angelo Ranaldo, 2007, “Realized Bond-Stock Correlation:
Macroeconomic Announcement Eects”, Journal of Futures Markets 27, 439 - 469.
[28] Cecchetti, S. G, P. Lam, and N. C. Mark. 1993. “The Equity Premium and the Riskfree Rate:
Matching the Moments.” Journal of Monetary Economics 31: 21–45.
[29] Cecchetti, S. G, P. Lam, and N. C. Mark. 2000. “Asset Pricing under Distorted Beliefs: Are
Equity Returns Too Good to be True?” American Economic Review 90: 787-805.
[30] Cochrane, J., and M. Piazzesi, 2005, “Bond risk premia,” American Economic Review 95:138
- 60.
[31] David, Alexander and Pietro Veronesi, 2013, “What Ties Return Volatilities to Funda- mentals
and Price Valuations?”, Journal of Political Economy 121, 682 - 746.
[32] Dai, Q., and K. Singleton, 2002, “Expectation puzzles, time-varying risk premia, and affine
models of the term structure,” Journal of Financial Economics 63:415 - 42.
65
[33] Drechsler, I. 2013. “Uncertainty, time-varying fear, and asset prices.” Journal of Finance 68:
1843 - 1889.
[34] Epstein, L, E. Farhi, and T. Strzalecki. 2014 “How Much Would You Pay to Resolve Long-
Run Risk?” American Economic Review, Forthcoming.
[35] Epstein, L, and S. Ji. 2013. “Ambiguous volatility and asset pricing in continuous time.”
Review of Financial Studies 26:1740 - 1786.
[36] Epstein, L, and S. Ji. 2014. “Ambiguous volatility, possibility and utility in continuous time.”
Journal of Mathematical Economics 50:269 - 282.
[37] Epstein, L. and J. Miao. 2003. “A Two-Person Dynamic Equilibrium Under Ambiguity,” Jour-
nal of Economic Dynamics and Control 27: 1253-1288.
[38] Epstein, L. and M. Schneider. 2003. “Recursive Multiple-Priors.” Journal of Economic The-
ory 113: 1-31.
[39] Epstein, L. and M. Schneider. 2007. “Learning Under Ambiguity.” Review of Economic Stud-
ies 74: 1275-1303.
[40] Epstein, L. and M. Schneider. 2008. “Ambiguity, Information Quality and Asset Pricing.”
Journal of Finance 63: 197-228.
[41] Epstein, L. and T. Wang. 1994. “Intertemporal Asset Pricing Under Knightian Uncertainty.”
Econometrica 62: 283-322.
[42] Epstein, L. and S. Zin. 1989. “Substitution, Risk Aversion, and the Temporal Behavior of
Consumption and Asset Returns: A Theoretical Framework.” Econometrica 57: 937-968.
[43] Fama, Eugene F. and Bliss, Robert R, “The Information in Long-Maturity Forward Rates.”
American Economic Review, 1987, 77(4): 680 - 692.
[44] Fama, E. F. and K. R. French. 1988. “Dividend Yields and Expected Stock Returns.” Journal
of Financial Economics 22: 3-24.
66
[45] Fama, E. F. and K. R. French. 1989. “Business Conditions and Expected Returns on Stocks
and Bonds.” Journal of Financial Economics 25: 23-49.
[46] Fama, E. F. and G. W. Schwert. 1977. “Asset Returns and Inflation.” The Journal of Financial
Economics 5: 115-146.
[47] Garlappi, L, R. Uppal, and T. Wang. 2007. “Portfolio Selection With Parameter and Model
Uncertainty: A Multi-Prior Approach.” Review of Financial Studies 20: 41-81.
[48] Guidolin, Massimo, and Allan Timmermann, 2007, “Asset Allocation under Multivariate
Regime Switching”, Journal of Economic Dynamics and Control 31, 3503 - 3544.
[49] Gurkaynak, R. S., B. Sack, and J.H. Wright, 2007, “The U.S. Treasury Yield Curve: 1961 to
the Present”, Journal of Monetary Economics, 54, 2291 - 2304.
[50] Hansen, L. P. 2007. “Beliefs, Doubts and Learning: The Valuation of Macroeconomic Risk.”
American Economic Review 97: 1-30.
[51] Hansen, L. P, and T. J. Sargent. 2001. “Robust Control and Model Uncertainty.” American
Economic Review 91: 60-66.
[52] Hansen, L. P, and T. J. Sargent. 2008. “Robustness.” Princeton University Press.
[53] Hansen, L. P, and T. J. Sargent. 2010. “Fragile Beliefs and the Price of Model Uncertainty”
Quantitative Economics 1:129–162.
[54] Hayashi, T. 2005. “Intertemporal substitution, risk aversion and ambiguity aversion.” Eco-
nomic Theory 25: 933–956.
[55] Hodrick, R. 1992. “Dividend Yields and Expected Stock Returns: Alternative Procedures for
Inference and Measurement.” Review of Financial Studies 5–3: 357–386.
[56] Ilut, C. 2012. “Ambiguity Aversion: Implications for the Uncovered Interest Rate Parity Puz-
zle,” American Economic Journal: Macroeconomics 4(3).
67
[57] Ilut, C, and M. Schneider. 2014. “Ambiguous Business Cycles” American Economic Review
104: 2368-2399.
[58] Jaffe, J. F. and G. Mandelker. 1976. “The ’Fisher Effect’ for Risky Assets: An Empirical
Investigation.” The Journal of Finance 31: 447-458.
[59] Ju, N. and J. Miao. 2012. “Ambiguity, Learning, and Asset Returns.” Econometrica 80: 559-
591
[60] Kreps, D. M, and E. L. Porteus. 1978. “Temporal Resolution of Uncertainty and Dynamic
Choice.” Econometrica 46: 185-200.
[61] Leippold, M, F. Trojani, and P. Vanini. 2008. “Learning and Asset Prices Under Ambiguous
Information.” Review of Financial Studies 21: 2565-2597.
[62] Lettau, Martin and Sydney C. Ludvigson “Shocks and Crashes.” manuscript, New York Uni-
versity, 2011.
[63] Lintner, J., 1975. “Inflation and Security Return.” The Journal of Finance 30: 259-280.
[64] Nelson, C. R., 1976. “Inflation and Rates of Return on Common Stocks.” The Journal of
Finance 31: 471-483.
[65] Routledge, B, and S. Zin. 2009. “Model Uncertainty and Liquidity.” Review of Economic
Dynamics 12: 543-566.
[66] Shiller, R. J. 1981. “Do Stock Prices Move Too Much to be Justified by Subsequent Changes
in Dividends?” American Economic Review 71: 421-436.
[67] Stambaugh, R. F. 1999. “Predictive Regressions.” Journal of Financial Economics 54: 375-
421.
[68] Ulrich, Maxim. 2013. “Inflation ambiguity and the term structure of U.S. Government bonds.”
Journal of Monetary Economics 60: 295-309.
68
[69] Viceira, Luis M., 2012, “Bond Risk, Bond Return Volatility, and the Term Structure of Interest
Rates”, International Journal of Forecasting 28, 97 - 117.
[70] Zhao, G. 2013. “Confidence, Asset Returns, and Monetary Policy in a New Keynesian
Model.” Working paper.
[71] Bernanke, Ben S. and Kenneth N. Kuttner. 2005. “What Explains the Stock Market’s Reaction
to Federal Reserve Policy?” Journal of Finance 60(3):1221-1257.
[72] Bernanke, Ben S., Mark Gertler and Simon Gilchrist. 1999. The nancial accelerator in a
quantitative business cycle framework. In Handbook of Macroeconomics, ed. J. B. Taylor and
M. Woodford. Vol. 1 of Handbook of Macroeconomics Elsevier chapter 21, pp. 1341-1393.
[73] Calvo, Guillermo. 1983. “Staggered Prices in a Utility-Maximizing Framework.” Journal of
Monetary Economics 12:383-398.
[74] Campbell, Jeffrey R., Charles L Evans, Jonas D. M. Fisher, and Alejandro Justiniano. 2012.
Macroeconomic Effects of FOMC Forward Guidance. Brookings Papers on Economic Activ-
ity Spring 2012:180.
[75] Calvo, Guillermo. 1983. “Staggered Prices in a Utility-Maximizing Framework.” Journal of
Monetary Economics 12:383-398.
[76] John Y. Campbell, Carolin Pflueger, and Luis M. Viceira 2015. “Monetary Policy Drivers of
Bond and Equity Risks”. Working paper.
[77] Edouard Challe and Chryssi Giannitsarou 2014. “Stock prices and monetary policy shocks: a
general equilibrium approach”. Journal of Economic Dynamics and Control, 40, 2014, 46-66.
[78] Gurkaynak, Refet S., Brian Sack, and Eric T. Swanson. 2005. The Sensitivity of Long-Term
Interest Rates to Economic News: Evidence and Implications for Macroeconomic Models.
The American Economic Review 95 (1):425436.
69
[79] Emi Nakamura and Jon Steinsson 2015. “High Frequency Identification of Monetary Non-
Neutrality”. Working paper.
[80] Romer, Christina D. and David H. Romer. 2000. Federal Reserve Information and the Behav-
ior of Interest Rates. American Economic Review 90 (3):429457.
Guihai Zhao CV
270 Bay State Rd
Boston University, Department of Economics
Boston, MA, 02215 USA
Cell: (617) 800-6158
Email: maxzhao@bu.edu
Website: http://blogs.bu.edu/maxzhao/
Education
Ph.D. in Economics, Boston University, Boston MA, 2016 (expected)
Dissertation Title: Confidence, Asset Returns, and Monetary Policy
Dissertation Committee: Larry Epstein, Francois Gourio, Simon Gilchrist, Jianjun Miao
M.A., Economics, Boston University, Boston, MA, 2009
B.S., Information System, Beijing Information Technology Institute, Beijing China
Fields of Interest
Asset Pricing, Macroeconomics, Monetary Economics, and Portfolio Choice
Fellowships and Awards
Ph.D. Student Awards - the 6th Macro Finance Society, 2015
Summer Research Grant, Department of Economics, Boston University, Summer 2012, Sum-
mer 2013
Teaching Scholarship, Department of Economics, Boston University, 2010, 2011, 2012, 2013
71
Work Experience
Research Assistant for Marcel Rindisbacher,Department of Finance, Boston University, 2012
Research Assistant for Larry Epstein, Department of Economics, Boston University, 2011,
2014
Quantitative Analyst - Market Risk (MBS, Prepayment Risk), Capital One, 2015 - present
Working Papers
"Confidence, Bond Risks, and Equity Returns," July 2015 Revise and Resubmit (2nd round) at
Journal of Financial Economics
"Learning from Monetary Shocks and Asset Returns" (with Simon Gilchrist), November 2015
"Confidence, Asset Returns, and Monetary Policy in a New Keynesian Model," December
2014
Work in Progress
"Ambiguity Yields, Bond Yields, and Dividend Yields"
"Central Bank Performance and Cross Country Stock Returns"
Teaching Experience
Teaching Fellow, Macroeconomics, Department of Economics, Boston University, Spring 2013
Teaching Assistant, Portfolio Theory, Department of Finance, Boston University, Fall 2011
Teaching Assistant, Economics of Risk and Uncertainty, Department of Economics, Boston
University, Spring 2012
Teaching Assistant, Introduction to Econometrics, Undergraduate Department of Economics,
Boston University, Fall 2012
Teaching Assistant, Mathematical Economics, Department of Economics, Boston University,
Spring 2011
72
Presentations
Federal Reserve Bank of Boston, May 2013
BU/BC Green Line Macro Meeting, April 2013
University of Texas at Dallas, 2016
University of New South Wales, 2016
Bank of Canada, 2016
Computer Skills: MATLAB, SAS, VBA, C++ Citizenship: China
References
Professor Larry Epstein Francois Gourio
Department of Economics Economic Research
Boston University Federal Reserve Bank of Chicago
Phone: +1-617-353-4142 Phone: +1-312-322-5627
Email: lepstein@bu.edu Email: fgouriowork@gmail.com
Professor Simon Gilchrist Professor Jianjun Miao
Department of Economics Department of Economics
Boston University Boston University
Phone: +1-617-353-6824 Phone: +1-617-353-6675
Email: sgilchri@bu.edu Email: miaoj@bu.edu
